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8 SUMMARY

- &
Objective

? 4

The objective 15 to explicate a methodology to assess the need for, and to assist in the development, implementation,
and evaluation of alternative instructional treatinents especially applieable Yo sclf-paced, computer-menaged
instructional settings.

Background/Rationale ) ro

If a computer-managed instructional program were dividea into alternative instructional modules or lessons, the
instructional manager would want its use optimized to lead student® from lesson to lesson as efficiently as possible. The
manager would want the various lesson alternatives selected to be those that are most approprialec to the particular
characteristics of individual learners. Whereas some lesson approaches might be acceptable to most learners, different
approaches might be better for other learners. Methods exist for deciding which lesson approaches are most appropriate
for which leamers. These methods need to be explicated in a manner that can be used by Air Force instructional
managers, espeeially those working in self-paced, computer-managed instructional settings.

Appreach . . . ’

A sujtable methodology should be able () to identify lesson approaches suitable for most students and the student
ch‘z}xacleristics thatgeem to be related to lescon suceess, (b) to suggest inore-suitable instructional approaches for students
who have different characteristics, and (c) to implement and evaluate the effectiveness of the altemative approaches.
Accordingly, emphasis is placed on how to identify and test interactive relations between sindividual-leamer
charaeteristics and instructional conditions or treatments.”Considerable attention is devoted toproblems ok measurement
that are basic to instructional diagnosis and evaluation, as well as to the development of measures of learner aptitudes
and achievement. Finally, statistical methods are outlined for use in the design and analysis of experiments to evaluate

altemative instructional treatments. o

“
Specifices .y ‘ :

The report assumes thai users are familiar with basic statistical concepts and the rudiments of experimental design.
References are cited for those users who may wish to review statistical and measurement concepts, because some
understinding is required of measures of eentral tendency, variance about & central valite, and relations between such
measures.  *

The first of three seetions deals with basic concepts of evaluation of alternative instructional treatments. it ineludes
a generalized model for evaluation, an example of an instructional evaluation, and techniques for planning experiments
and evaluating treatments. The second section deals with tests and test items in a criterion-refereneed setting. It ineludes
coneepts of measurement using such test items and techniques for selecting and evaluating thenr. The third section deals
with the design and evaluation of alternative instructjonal tremiments. It includes the methodology required to assess
the need for an alternative instructional treatment, then to develop, implement, and evaluate it. .
,

Five appendixes provide technical details and an example of the overall methodology using specific data. They cover
the following topics: (a) evaluation of candidate fest items, (b) development bf criterion-referenced tests using cross-
sectional samples, (c) regression analysisas applied to the development of experimental treatments, (d).analysis of leamer
characteristics in the design of treatments, and (¢) commonly ercountered statistical concepts. .
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-3 Conclusions/Recommendations .

A methodology has been explicated to assist in the development, implementation, and evaluation of alteruative
instructional treatments, Also, the conceptual framework and overall methodology needed for the improvement of test
items and tests, and for the development of treatments ih typical Air Force critdifp-referenced settings, have been

. presented. These methods should be used by managers of Air Force instructional programs, especially in self-paced,
computer-managed instructional settivigs, and to this end this report should provide useful guidance.
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The purpose of this report is to provide guidance in the develop-"
ment and evaluation of alternative approaches that hold promise of
improving instructional effectiveness. The main focus of the report is
on how to identify and test interactive relationships between indivi-
dual differences among learners and instructional conditions or treat-
ments.

‘ It is assumed throughout this report that the instructional
setting permits inﬁlvidualized management of instruction. Management T
) support for experiméntation with instructional activities also s '
. assumed. Although computer assistance for instruction is not a
.requisite, many procedures and recommendations in the report would be
enhanced if instruction was computer-managed or computer-assisted.

Many of the examples used in this report are based on hypothetical
. test item response data generated to provide an i]]usgratlon that is
internally cohsistent. Other concrete examples are drawn from analyses
P of the Precision Measuring Equipment (PME) course taught at the Luwry
Technical Training Center (LTTC) at-Lowry AFB.

The report directs considerable attention to prob]em§g5¥ measlre-
ment that are basic to diagnosis and evaluation:- A major premis€ is. '
that there %i no acceptable substitute for careful empirical experimen- /
tation -- often an approach must be tried several times hefore evidence
sufficient for credible evaluation is available. Underlying this
conviction is commitment to principles of measurement because defining
learner aptitudes and quantifying the effects of instruction both,
' . require dependable measurement. Thus, a portion of this.report
concerns the development of measures of learner aptitudes (e.g., the
.. learner's repertoire of knewledge, skills; and abilities) as a basis
for assignnent to instructional treatment and also measures of learner '
achievement. as a function of instructional treatment. The importance
of homogeneity among items that comprise a test of achievement is.
emphasized because a reliable test cannot be composed of nonhomogeneous )
. items nor can an unreliable test be useful for either diagnosis or
© evaluation. - S . ) .
. B . The report assumes that readérs are familiar with, and have ready
access to, the many useful suggestions contained in Air Force Manual
(AFM) 50-2, Interservice Procedures for Instructional Systems Develop-
ment (ISD). ~This report is compatible witn the ISD model and refers to - | '
it for sypp]ementa] guidance. - S, :

Finally, this report assumes {Egt users are familiar with basic
‘statistical concepts and the rudiments of experimental design. The g
discussions and examples in the report require at least some under-
standing of measures of.central tendency, variance about a central
value, and association between measures. References are cited for

those users who may wish to review statistical and measurement concepts.
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,- 1 BASIC CONCEPTS AND PRIORITIES -

A Generalized Mode] for Evaluation

The causal directions of selected influences upon performance in a
training cqurse areillustrated in Figure 1. This figure seeks to
. represent the increasingly rich mixture of factors that influence
performance 6n successive lessons] within a course and in a_job

assignment following course completion. . ’ 4

Figure 1 intentidnally ignores the broad class of other influences
defined by the environment\within which instruction occurs. The boxes
labelled as "lessons" in Figure 1 represent Tesson content, methods of.
.instruction used, and the immediate environmental setting in which
{nstruction occurs. Other iﬁf]uencés.on performance may be important
. but they are implied rather than shown. . o )

_ Figure 1 may be viewed as a ‘general model for prediction of
performance. For example, if “performance” in Lesson 1 is the variable
to be predicted, the primary predictor variagbles are those :that defjne
learner aptitudes and experiences prior to exposure to Lesson_1. .
("Aptitude," as used here, follows the broad definition by Cronbach and
" "Snow (1977); that is, aptitude is "any characteristic of a person that

orecasts his probability of success under a.yiven treatment.") The
content, methods, and setting of instruction in Lesson 1 define the
"treatment" variables in:the equation.

Influences on performance accumulate and merge ‘with each succes-
sive lesson in the course, as the horizontal arrows between each 1esson
and the left=hand box, “cumulative.proficiency," are intended to*show.’ :
Thus,. the prediction equation for each successive lesson is incre-
mentally more compiex than the preceding one. By the final lesson in
the course -- Lesson n in Figure 1 -~ the predictor variables have been

augmented- by the cumulative effects of all instructional experiences in
the course to that point. : -

[

)

e

. . . .- (e
]The~term, "lesson," i's used throlghout this report .£6 denote any
Segment, unit, or block of jnstruction from which progress to the next. )
segment cannot occur without successful performance on a mastery test. L
"Successful performance” is defined by the criterion level specified A

for each test of achievement in “lesson" content.
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PERFORMANCE IN JOB ASSIGNMENT FOLLOWING TRAINING
» .. N\ )
7 R N . .
APTITUDES AND EXPERIENCE FOLLOWING couhseommnom
r \\ [}
7 -
¢ 2 | LESSONn
. Y
14
R N ] Lesson - 1T <
CUMMULATIVE >
PROFICIENCY : Iy )
IN CONTENT
OF THE COURSE [ f
' LESSON 2 |-
S < ‘.
X - - - r a
e {
‘| LESSON 1
APTITUDES AND EXPERIENCE PRIOR TO COURSE ENROLLMENT
: HA-423582-1

"FIGURE 1  RELATIONSHIPS AMONG APTITUDES, EXPERIENCE,
LESSON ACHIEVEMENT, COURSE ACHIEVEMENT,
AND SUBSEQUENT JOB PERFORMANCE
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AN th [y
The aptitudes that describe a person after completion of a course

include the cumulative changes acquired during the ceurse {(e.g., new
skills, increased knowledge. changed attitudes) as well as the surviv-
ing characteristics from among those that described the person at the
‘beginning of ‘the course. The "new" profile of aptitudes also will
reflect influences that were external to the environment of the-course,
as noted earlier. All of the differences. between.an aptitude profile
at the beginning and the end of a course cannot be attributed to
participation in the course. '

Whatever the sources of influence on the aptitude profile, the
"new" aptitude profile then becomes the source of predictor variables
for on-job performance, as shown at the top of Figure 1.

GG

Variables in the Evaluation Model

The variables involved in evaluating the effects of instructional
content and organization on trainee performance may be categorized in
various wayfg Table 1 shows a classification Suitable for evaluating
technical training in a computer-managed instructional setting.

S @
Table 1

VARIABLES FOR PREDICTION OF TRAINEE PERF ORMANCE
IN A-LESSON OR SEGMENT OF INSTRUCTION

L)

Variables Remarks

Personal Descriptors

. Preassessment Battery Scores " vVariables in this class are constant
‘ or fixed for each trainee throughout
. Other descriptors . the duration of a course.

- Sex

- Age (date of birth)

- Service branch y

- Length of service

- Air Force Specialty Code _
- Prior duty assessment .0 «
- EtC . . . "

“




Table 1 (concluded)

Variables

-

Remarks .

Treatment Variables .

Shift assignment
Instructor assignment
Instructional group size
Date of “first enrollment
Instructional materials and
procedures -

- Review materials
Practice materials

Sel f-check test items
Individual coaching

- Etc.

Achi evement Variables

. Achievement in prior lessons
- Measured qime to criterion
(LT™) :

- Number of éttempts to
- cFiterion (NATT)

. Achievement in current lesson
First attempt measured time
- (MTM)
- First attempt score (LSC)

L4

- Measured time to criterion

(LT™) :
- Number of attempts to
criterion (NATT)

A e

These variables are sometimes called
“process variables." Some variables in
this class will be constant throughout
the duration of a course. Other vari-
ables may change with each lesson.
Comparing trainee performance under

different instructional arrangements or

"treatments" is the essence of
evaluation of instruction.

<

Achievement indicators from lessons
preceding the one being evaluated are
predictor variables.

MTM and LSC scores are "within lesson"
predictors of lesson ‘achievement as
indeXed by LTM and NATT scores.

LTM and NATT may he used as outcome
measures ("dependent variables")
singly or in combination; important.
to control for LSC and MTM because MTM
and LT are.not independent and LSC
predicts both LTM and NATT.

-4

- —A-Hypothetical Example of Instructional Evaluation

Consider an evaluation-to assess the effects* of certain revisions
in a lesson. For example, assume that review of trainee performance
suggested that performance might be improved in a segment of instruc-
tion if several practice exercises with self-check test items were
provided. Suppose; €urther, that two groups of trainees were given
opposing guidance to influence the effort spent by trainees on the
exercises: one random half of ‘trainees was strongly urged to attempt
all the practice exercises and told not to attempt the criterion test .
before succeeding on all exercises, and the other random half of '
trainees was mildly encouraged to go through the practice exercises but
also urged to attempt the criterion test as soon as possible.

10 -
S |




*

a

Assune, for the illustration, that the guidance given trainees did
affect the amount of attention given to practice exercises. Strong
urging to attend to the practice exercises led most trainees so urged
to work the practice exercises whereas only mild encouragement led most

of the.remaining trainees to skip through the practice exercises.

Suppose the results of the experiment were portrayed as in Figure
2. Here, the two groups (exercises "urged” or "not urged") are further
divided into high skill and low skill, where "skill" might be an apti-
tude measure such as reading comprehension or numerical reasoning. The

_ hypothetical results suggest that the exercises did*not have much

effect on the high-skill group, as the average number of attempts was
about the same for both conditions. For the low-skill group, working
the exercises seemed to lower the average number of attempts.
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Results such as those in Figure 2‘would provide evidence for an
aptitude-by-treatment interaction (ATI) since the effects of the treat-
ment depend on aptitude. Other, more complicated, outcomes are
possible depending on how many variables are considered in the experi-
ment. Findings such as these-could-lead to a revised instructional
strategy:

*

1.  More practice exercises would be added to the: lesson.

2. Al trainees with lower-than-average scores on basic skill.
measures in the Preassessment Battery would be strongly urged
(perhaps required) to complete all the practice exercises
before attempting the criterion test.

< -

Which Should Come First -- Good Measures or Good Experiments?

The above heading dqés not pose a real choice. Although it is
possible to have good measdkgs and poor experiments, it is not possible
to have good experiments witiigut good measures.

The preceding paragraphs described the results of a hypothetical
experiment on the effects of practice exercises. The findings from
that experiment were fairly unambiguous and suggested useful implica-
tions. for changing instructional strategy. However, the findings from
the hypothetical experiment assumed the following:

1. The contents of the practice exercises and the criterion test
- were relevant-to the instructional content.

2.  The measures of'péhformance were dependable.

3.  The measures obtained in the instruction were related to
performance in a job éssignneqt. .

Experiments that modify training approaches to achieve a better
fit between instruction and trainee:aptitude are unlikely to lead to
trustworthy conclusions if the data from the experivnents are not also
trustworthy. .

Figure 3 presents a sequence of evaluation questions and decision
options for an assessment of curriculun content, means for measuring
training’ and on-job performance, and the relationship between training
performance and on-job performance. The questions and decision paths
shown in Figure 3 portray a diagnostic evaluation that should precede
efforts to improve the payoff from instruction through adaptations of
instructional treatments to learner aptitudes.

The arguments for performing the diagnostic steps in Figure 3
before undertaking experiments with alternative instructional treat-
ments are discussed in the following paragraphs. These arguments are
consistent with the position maintained throughout the ‘Interservice

a
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Procedures for Instructional Systems Development (AFM 50-2). The _

. toundation of the ISD modeT is the dependence of instructional content
D . and procedures on the function and task requirements of jobs. Job

: relevance is a primary criterion for evaluating instruction.

: This report supports the fundamental position of the ISD. This

. report also emphasizes that effectivé diagnostic evaluation of existing
instructional programs depends on relevant, reliable; and comprehensive
measurement of these programs. As every navigator knows, plotting a

o Course means knowing the present-position as well as the intended )

.+ destination. The following discussion-of-the procedures i1lustrated in

Figure 3 concern the importance of appraising the present program
before proceeding in new directions. T

¢ The essential purpose of training is to improve on-job per-
tormance. Specific instruction may be narrow (deal with only
- one or-a few tasks or functions required by a job) or broad
: * C (address all tasks and functions that define a job). Whatever
the coverage, the content. of instruction is directed toward
qualities that a successful job performer must possess. These
qualities may be specific or generalized knowledge, a variety
of skills, or attitudes that influence behavior on the job.
- - Regardless of focus, the content of instruction is based on
analyses of functional requirements of the job. The ultimate
. proof of instructional effectiveness in training is improved
S e performance in the job. The sequence shown in Figure 3 assumes
that the curriculum and plan of instruction -grew from an
analysis of job requirements.

<0 Every instructional objective important enough to be stated,
implies an associated process for reaching that objective and
means for measuring the degree to which the objective has been

N reached. This assertion is meant to emphasize two complemen-
T tary points: .

1. Instructional objectives and instructiongl processes should
reinforce one another. For every explicit objective, there
should be an identifiable process for achieving it.
Furthermore, every instructional process or activity that
consumes staff or trainee energy should be justified by an
identifiable objective, . ,

2. Objectives imply measurement. Without measurement relevant
to an objective, there is no dependable way to estimate the
degree to which the objective has been reached. @

) ¢ Measurements of student performance during a course of instruc-
tion must -be acceptably. reliable (consistent, dependable,
accurate) and Tuliy representative of the content of instruc-

. tion (i.e., possess curricular or content validity). A central

purpose of this report is to suggest ways to devise instruc-
*tional treatments suited.to learner characteristics. This is

LI
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qanalogouS”to a medical prescription based on current symptoms

and other characteristics of the patient. Just as a respon-
sible medical prescription requires dependable measures of the
state of the patient relative to a desired healthy state, so
too does an instructional prescription require dependable
measures -of the ledrner's state relative to the desired one.
.Training achievement measures are the analogs of medical
measures of healthfulness. Evaluation demands the best,
possible measures of status so that changes in status can be
assessed accurately.

The saquence of evaluation questions and decision options shown in
Figure 3 conceins the content of training, the appropriateness and
dependability of training performance measures, and the relationship of
training performance to performance on the job. following training.
. Question 1’
Questiom1 in Figure 3 concerns the content validity-of measures
.of student achievement. The essential “i'ssueis whether or not the
performance measures provide a fair sample of the content of instric-
\\\\\\\\j tion. If material is being taught but its mastery is not being tested
- ~in any way, then either the tests should be expanded to cover the
material\gr the appropriateness of the material should be reconsidered.

I

Questioﬁ -

—

"Question 2 concerns the reliability of measures of achievement.
Two causes of test unreliability may be-detected. One cause is that
the items making up a test are not homogeneous ; that is, they do not
all measure some aspect of the same attribute. The second -cause is

that a test is not long enough. - ~

Surming scores from nonhomogeneous items to a total test score can
lead to confusion rather than to clarity. The meaning of test scores
must be clear if achievement tests are to be a trustworthy source of

- information for decisions about instructional treatments adapted to
- trainee aptitudes. ,

- Consider, for example, a brief test composed of five items in
which Items A and B are homogeneous with one another, and Items C, D,
and E are homogeneous with one another but are not homogeneous with
with Items A and B. Imagine, further, that criterion performance has
been defined simply as "passing three ov more items." With five items,
there are 16 different résponse patterns that will yield a total score
of three or more. At one extreme, a trainee could fail both items A

- and B but pass items C, D, and E to meet the minimum criterion. At the
other extreme, a.trainee could pass both-items Avand B but fail any two
of items C, D, and E and also meet the criterion as definedv If crite-
rion tests are composed of subsets of items that are not homogeneous,
then criterion performancé should be defined by minimum performance on

»
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\\\\\ Question 4

each subset. In the above exXpple, a better specification of criterion

. performence would be"to “pass either A or B or both and pass any two or

more of C, D,»and.E3 _ .

Another factor that affects test reliability is the number of
items in the test. Geherally speaking, the longer the test the more
reliable it will be. Of course, in an operational setting such as Air.
Force training, tests canrot always be long enough to obtain excellent
retiability;. some balance must be majntained between testing time and
instructional ‘time. . I T - W

There is no single answer to the question,. How long is long
enough? Any perfornance test is.a. sample of items from a much larger
possible set of items to measure a category or "domain" of behavior.
Small samples méan large sampling error. If decisions based on test
performance are important, then the sample of items-that make up the
test should be large enough to -provide some redundancy in measurement
as a means. for reducing sampling error. If decisions based on test
performance-are not of major importance, then a few items may suffice.
Decisions about "test length call for assessing the consequences of a
wrong decision based on test performance..

'

‘ '/
Question 3
The third quesiion in Figure 3 concerns the p}edictive validity of

training; that 'is, the extent to which success in training is associ-
ated with satisfactory performance on the job.

‘" The relationships between training performance and job performance
are imperfect for a variéty of reasons -- the complexity of human_
behavior, the Tow reliability of many measures of behavior, failure to
measure certain infJuences on traiping performance or job performance,
and so on, In practice, it is rare to find correlations between train-
ing performance and job performance that exceed .35 or so, thus imply- .
ing that only about 10%-20% of variance in measures of Jjob performance

can be attributed to measures of performance in training.

Even discounting for the problem of measurement and the complexity
of the relationship, the ultimate Justification'for training is to
improve performance on the job. At the very. least, the relationship
between a measure of training performance and-one of performance on the
Jjob should be positive and greater ‘than zero -- training performance
should predict job performance better than chance.

< 3

e fourth question deals with the adequacy of measures of perfor-
mance on“the job. As is shown elsewhere in this report, the upper
limit of a'measure of association between two measures is defined by
the least re%*agle measure. As a rule, it is easier to achieve reli-
ability in measu Q\ of training performance than in measures of perfor-

mance on the job:- NQSS\Tfasures of association between training and
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s :
on-job pervarmance are low and it has been established that the train-
ing-ineasures are as -reliable as practical considerations warrant, the
_ first place to_search for improvement is in the measures of onh-job
~ performance. This quéstion directs attention to that source.
Improving measures of job performance may g0 beyond the recognized
. responsibilities of a course designer or manager of instruction, but
people responsible for training design and managenent clearly have
interest in the problem. Measures of performance on ‘the job, following
training, are essential to functions designated in the 1SD model as
“exterral evaluation.” Clearly, training personnel, course designers,=
and managers of instruction must- help address the issue. Relationships
between. extérnal and .nternal evaluation, as the functions are defined
in the ISD model, are discusseéd in more detail in Section 111 of this
report. . .

g o

> Question 5. ‘

Question 5 in Figure 3 is Question 3 asked again following efforts
to improve measures of on-job performance. If inability to predict
.on-job performance acceptably well was a function of inadequacies’in
the measures of on-job performance, then improvements in the on-job
measures may be required before proceeding with ATI studies to increase
the effectiveness of training. This possibility is denoted by .the
"yes" path from Question 5 to. the box, "proceed with ATl studies."”

It also is possible that inadequacies in the training curriculum
will be revealéd only after the issue of the predictive -validity of
training performance has been pursued thoroughly. This possibility is
jdentified by the "no" path leading from Question 5

]

Question 6

_ As noted previously, it is possible that inconsistencies between a
training curriculum and the requirements: of a job will become evident
only after_completion of a serious effort to improve measures and
affirm relationships between them. Question 6 deals with the match
between a training curriculum and the requirements of a job. The
question directs the curriculum designers to reconsider the curriculum
content in 1ight of revised analyses of job requirements. If curricu-
lum revision is necessary, then measures of«trafhjng performance will

neéd to be revised also.

The ISD hode1 (AFM 50-2) provides methods for job and-task analysis
and for translating findings from such analyses into specifications for
instruction. : , ’

Box 7

Box 7 in Figure 3 is the "court of 1a§1 resort" -- further
research is necessary. If the curriculum fits the job, the training
performance measures fit the curriculum, the measures of job

17 .
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R performance are as satisfactory as one can make them, but training

’ performance still does not predict job performance, then other reasons
for lack of relationship must be sought. If this decision is reached,
then the most 1ikely problem is that some unmeastred envirommental
variables affecting job -performance are operating. Examples could
include the workplace layout, mode and quality of supervision,

¥ fluctuations in work demands, and so on. Cos ’

Vo
*

"Literally, Box 7 invites the reciprocal of Question 6 -- are ald.
job requirements represented in the curriculum? If some important
aspects of the job are not represented in the curriculum, then training
performance cannot be expected to predict job performance. However, if

., important aspects of the job are not represented in the curriculum
‘being evaluated, then either that ‘curriculum should be revised to
accommodate additional job requireménts or supplementary curricula
chould be developed. . N .

* ]

LY

Planned Experiments with- Alternative Instructional Treatménts .

-

Systematic instructional research and evaluation as part of an

- operating .training program implies.a recurring cycle of planned trials
with alternative instructional approaches. Figure 4 illustrates a *
generalized sequence of steps in such a program of research and evalua-
tion. The focus is on relationships among classificaiions of trainees
and of instructional treatments. The search is a continuing one for
dependable generalizations about the effectiveness of instructional
approaches for trainees characterized by dertain patterns of aptitudes
and prior performance. _ - :

Underlying the formulation shown in Figure 4 is the expectation
that dependable generalizations are more Jikely from.repeated sequences
of experiments directed toward questions of limited scope than from
compléx experiments directed toward broad questions. This is not meant
to discourage efforts to-'strive for crucial experiments but to recog-
nize that modest findings are more 1ikely than dramatic ones even with
the most carefully planned instructional experiment.

The Simple Inter-Group Compariéon] .o

In the classic experiment, thé focus is on the effects that
independent variables have on dependent variables. The independent
variables that the experimenter can manipulate are the’ experimental .
variables. The formal research proposition is in "if-then" terms --
“§f X-under ‘such-and-such conditions, then Y-will be observed." In
such a formulation, "X" defines the eXperimental variable, "“such-and-
such conditions" define the circumstances of the experiment (including

.the characteristics of the subjects of the experiment), and "Y" defines
+ the measure of outcome ov the dependent variable. The essence of
- experimentation is control over the variables involved and the
conditions under which the variables will-be observed.

18
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Consider Tirst a straightforward Experimeht~in which the purpose
s to assess the effectiveness of a "new" approach for teaching. some
segment of a training curriculum. This could be done within the ~
. context of normal instruction:b assigning one randomly selected group N
of current trainees to the "new" method while the other randomly .
selected group of trainees.experienced the “"old" or current method.
Qutcome measures of interest (e.g., measured time to criterion) would . °
be obtained routinely and the two distributions of scores -- those from
. the "new method" group and those from the "old method" group -- could
. be compared to see if the difference, between the two methods was large
enough to be attributed to ‘the method of .instruction rather than to -

chance.’ ) °

Even this straightforward experiment is not quite so simple as the
description makes it appear, For example, the number of traifiees als

the appropriate stage of instruction at any one time might not be large

enough to-provide two samples-of sufficient’size to allow an adequate

test 8f the two methods. In this case, samples of adequate size could

be accumulated over severai successive classes; literally, a small-

samplé experiment would be replicated several times, thus posing the -

additional .problem of whether-data should be pooled over cohorts for a

single analysis or whether probabilities should be .combined over

analyses of several replications.

: [7] : N ‘ .
~ Another complication might arise if.instruction were organized for.
administrative purposes into shifts or periods -defined by time of day.
! ‘ To adjust to this, one could make random assignment of trainees to.

) . methods within each shift so that method effects would not become.
entangled with shift effects.. But splitting each shift might make it
difficult to insulate trainees experiencing one method from those
experiencing the other; a systematically balanced schedule might be
worked out so that each shift experienced each method over several

" classes of trajnees. Again, some problems of analysis could arise, .
especially if the characteristics of trainees were to vary markedly * - .
.from one incoming class te another. . - '

For convenience of illustration, assume that complications in
implementing the alternate methods expariment are worked out and two
rival distributions of outcome scores are generated under conditions

that are as close to.identical as can be managed. Comparing the two

) score distributions, to decide whether one method was superior, still
) addresses only the question of which method is best on the average.

Many differences among trairees, both within and between groups,
may be substantial -- prior experiences, performance on earlier
segments .of instruction, skill in reading, proficiency with tools, and
so on. Randomization of assignment to {reatment protects against bias .
by making <the chances of “unusual® performance equally- likely in.either ..
‘group. However, the simple score distribution comparison cannot

" address important questions about how individual differences amony
trainees are related“to the experimental treatments and influence the
outcome measures obtained. Even so, the simple score distribution
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. - . ' * ) “..
- //i comparison between.subjects from the same trainee population assidned
v at random to rival approaches -is a legitimate appﬁoach when the
o research-or evaluation question is no more than "which: treatment is’
X ‘best on the average.". Comparisons need not bé restricted to two
S groups; there-may be- as many comparison groups as the credible alterna-
” tive?, availablé subjects, and the logistics of experimentation will
‘permit.. T, S e .o

Analysis of Varisnce'and Multiple Regression Analysis Models for
Instructional Treatment Experiments ’ . .

. -~ et ‘
, "Designs for experiments cannot be discussed without also consi-
" dering®some statistical analysis issues. that are related closely to
experimental design decisions. This is particularly the case‘when an

generalizations about interactions between the characterjstics of
trainees and the characteristics of instructional treatments. .

o Data from instructional, treatment experiments designed to "pick a
winner" -- that is, experiments designed to-find the treatment whose

" average effectis greatest among rival treatments -- are often
subjected to the statistical technique called analysis of variance .
(ANOVA).. When the independent variables that define the

appropriate technique for the statistical anglysis.
B <, ° Briefly, ANOVA provides a means for testing whether the.mean
* differences on the dependent variable measure between two or more
jndependent groups are sufficiently large to be considered nonchance or
" "statistically significant." This test of statistical significance
makes use of ratios of variances, hence the name: "analysis of vari-
., .ance." (The variance is.an index of spread or dispersion of scores
around the mean or arithmetic'average of a distribution of scores.)
For example, in an experiment comparing .three methods of instruction to
one another, ANOVA may be used to.provide an overall test of the
differences among the three means op the criterion test. The key .
statistic, or F-ratio, is the ratio of the "between groups"-variance to
the "within groups" variance. When the F-ratio exceeds,ap expected
value by a sufficient amount, -the conclusion is that the, groups are
différent. Literally, the method-estimates the probability that a
..predictor variable (such as the method of instructiop);CBpld yield |
resuits different from simple random selection. \oe

= " The analysis of variance technique, when extended éd‘two—way .
.classifications or higher, pemits identification.of 1nt§ractions
between and among variables. To illustrate, assuméﬂthat\a simple
Treatment A -vs. Treatment B experiment was set up so that participat-
ing trainees could be differentiated on more than the single dimension
of “"member of the A'{or B) group." For example, suppose that the
training course is one to which persons from two di fferent! Air Force

Specialty Code (AFSC) backgrounds are assigned. Assume that each AFSC
. . . ‘\
e v 21 K

2%

‘objective of instructional research is to find and establish dependabie °

conditions of * .
the experiment are categorical and also are functionaily independent of .
one another (i.e., are not-corfélated), then ANOVA may-be the most - .
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indexes a qualitatively different experience background -S0 that

-developing a training curriculum suitable for both simultaneously has

Ted to segments of the.curriculum being better suited to one background

_than to the other The question that justifies an experiment, then, is

whether a revised training segment (Treatment B) is better suited than
the current material (1?eatment A) for those who have had difficulty
with Treament A.

. .Table 2 shows a two-way experimental design in which treatment (A
or B)'is crossed with a trainee characteristic (AFSC 1 or AFSC 2).
Note that there are now nine score distributions.that, collectively,

. describe the results of the experiment -- four sets. of AFSC within

Treatment scores, two sets of Treatment scores over AFSC, two sets of
AFSE.scores over Treatment and one- oVenall or grand distribut1on of
scores. . ’ \

v
& +

_The notation uséd in Table 2 is conventional for denoting means'of'

~-groups. - Implied by the notationgis a distribution of several scores in

each cell that can be summed in ‘raw form. to yield row totals, column
totals; and an overall total. - It also is implied that the four cells
in the body of the table denote independent proportions of the total
sample (i.e., Njg.+ Nip +Nop + Nog = Ny). Two-way and higher-order
ANOVAs are computed more easily and interpreted more readily if
subsamples are equal in'size to one another. In fact, two-way (and

‘higher-order) classifications for ANOVA become qu1te unt1dy when

sub-samples are* not equal or, at worst, not proportional. Thus, in the
example illustrated by Table 2, equa]-sized sub-samples are assumed-

Figure 5 d1sp1ays .a graph-of imaginary results that would be highly
favorable to resolving the problem that stimulated the experiment; that
is, to develop a revised training segment that is better suited to those
who have had difficulty with the present material. Figure 5 shows an .

‘interaction between trainee "aptitude" (represented by prior experience

and training underlying the two AFSC categories) and "treatment." The
symbols used in Figure 5 correspond to the notation for cell, row, and

<

e
J ‘The actual composition of a trainee cohort “"population" is unlikely
to. provide the convenience of equal numbers on some desired classi- .
fication variable, such as AFSC. ih the Table 2 example. Random
samples of equal size can beldraWn to match the size of the smallest
cross-classification in the cohort population or any acceptable
minimum size less than the smallest sub-sét. If it js more’ conye-
nient administratively to draw the samples for anaijs1s after the
.experimental- data have been collected, equal sample, sizes for
analysis can-be created by sampling the data set. If the latter
) procedure is followed, one must be sure that ' group size" 1s irrele- .
vant'to the experamental treatment. . If treatment invilves some *
considerations of group size, then groups should be constructed in
advance of the experiment so that group size is an exp11cit factor in
. the exper1mental design. - .
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Table 2.

SCHEMATIC OF TWO-WAY CLASSIFICATION EXPERIMENTAL .

! ' .~ DESIGN DENOTING GROUP MEANS
- Trainee Treatment .
' AFSC A o B ‘Total
! XA X .
2 o Rog Xa.
Trtal L R R

column means shown in Table 2. A reasonable policy decision, given the
evidence summarized in Figure 5, would be to use Treatment A for
.trainees with AFSC 1 background and use Treatment B for trainees with
AFSC 2 background-or, if that were not feasible, to replace Treatment A

with Treatment B for all trainees. ’
I . I
High . High
! * _Q‘) XIAO
g n - 1% £
3 5 X8 U dg =
g 20 AE
o o
[T u.
[+ =4 [+ =4
[19) w
Q. Q.
P
Low Low
| : 1 ,
AFSC AFSC !
@ 1 y 2

) SURROGATE FOR APTITUDE
v ' . HA-423582-5
r
FIGURE 5 IMAGINARY RESULTS OF ALTERNATIVE TREATMENT

EXPERIMENT USING AFSC AS A SURROGATE

FOR TRAINEE APTITUDE N
NN (e ' 23
ERIC P




~—
~

Figure 5 illustrates that effects for interaction between treat-
ment and aptitude may be preSent afid highly visible (i.e., significant
in a statistical sense) with the dverage difference between treatments
being of no consequence. More specifically, the performance difference
between Treatment A and Treatment B, averaged- over all subjects, is
small; the graph is intended to imply that the average difference
between treatments is too small to matter. That "no difference" result
is ;the only one that would have been detected in a one-way ANOVA. When
the aptitude factor (represented by AFSC) is introduced in a two-way
ANOVA, however, the important aptitude-by-treatment interaction becomes
* evident. ) -

. - /]

The ANOVA is well-suited to experiments in which the experinenter
controls the independent variables .and when the independent variables

are functionally independent categories. The ANOVA ceases to be the
"best technique, and may be completely inappropriate, as one or more of
the following conditions arise:

1. When independent variables are functionally related to one

- anogher.-

&

2. When the independent variable (in a one-way design) is
continuous rather than categorical or when the independent
variables (in a two-way or higher order design) are a mixture
of continuous and categorical variables.

3. When cell frequencies are unequal and also disproportionate.

4.  When four orﬁﬁore independent variables are used in the
c]assification of treatment and subjects. :

, -

J\ As a.-general rule, multiple regression analysis is better suited
thah is ANOVA to .data from instructional treatment experimants. This
fé]@bws'primarin from the lack of functional independence among indi-
widual differences variables used to represent trainee aptitudes.
Personal characteristics (personality traits, abilities, skills, educa-
tional levels, etc.) typically are not independent of one another.
There are reasons beyond independence among variables that generally
favor regression analysis over- ANOVA. Figure 6 provides a rough guide
for use in choosing between ANOVA and regression analysis when planning
an instructional treatment experiment. .

An excé?p@%‘from,McNemar's no-nonsense discussion of analyses
involving classification or predictor variables that are not inde-
pendent of one another provides an appropriate summary of the problem
of choosing the appropriate statistical technique. :

v

3Both ANOVA and regression analysis belony to the.class that

statisticians call "the general 1linear model." ANOVA can be shown
mathematically to be subsumed under regressicn analysis.
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| ' OF SAMPLE

—
— 1
MEASUREMENT SCALES Some are continuous
FOR INDEPENDENT " —>
VARIABLES \_. Variables on continuous scales can bs grouped
- into categaries (e.g., high-low) but this
All are wa.stes‘m"forrqmon
categorical S
A ASSOCIATION Some association is probable or certain
AMONG INDEPENDENT >
VARIABLES There is no way 10 compromnse on this pomt
If independent'variables used in an experiment
. are correlated with one another, ANOVA
Functional cannot handle the problem.
Independence
L J -
NUMBER 4 or more ‘

OF INDEPENDENT

3 or less

| v
[ ‘ EQUALITY

VARIABLES \ (
L

.
2

There is no thzoretical limit cn the number

of variables in ANOVA. However, 3-way

and higher-order interactions are véry hard

10 interpret and total sample size requirements
expand with each new variable added to the

1 classification.

Unequal

PREFER MULTIPLE REGRESSION ANALYSIS

SIZES \\.

\.N Equal
|

Unequal sa'nple sizes are OK in 1-way'ANOVA
but require complex adjustments in higher-order

PREFER ANALYSIS OF VARIANCE

v

classifications that make slgnmcance testing uncertain.
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"... the factorial design approach [the conventional ANOVA
arrangement of variables by levels] is inferior to the multiple
regression technique as a method for testing the statistical
significance of factors that are characteristics-of individuals.
The analysis of variance of the data obtained by factorial
experiments provides tests as to whether factors have produced
variation. Multiple.regression, in contrast; has trad§t1ona1|y
been associated with analyzing natural (not laboratory -produced)
variation into sources with no requirement that the sources be
uncorrelated with one another" (McNemar, 1969, p. 453).

Some Suggestions for Do-It-Yourself Regression Analyses

: Multiple regression analysis is a statistical method for analyzing ;
the collective and unique contributions of two or more independent 5
variables, Xy, X2, . . . Xk, to the variation of a dependent variable,

Y. The method is oblivious to the analyst's motives -- it can be used

in exploratory "data snooping" when one is trying to get a better idea . }
of what goes with what.and it can be used to help test carefully »:
- formulated if-then propositions about what one expects to observe under

particular conditions. '

Appendix C contains an overview of regression anaiysis, the coding
of categorical variables (such as instructional treatments) for use in
regression analysis, and the creation of variables to represent apti-
tude-treatment interactions in regression analysis. ,

The suggestions.that follow are intended to show how multiple
regression analysis fay be used for either exploratory or explanatory
purposes.. Section '[II of this report is directed toward problems of
designing and eva]u&?ing alternative instructional treatments. There-
fore, in this discuss{on, independent variables (sometimes called
predictors) and a dependent variable (sometimes called the criterion)
will be used but operational meanings will not be given to each X and Y.

Suggestion 1: Start with a problem whose solution you think you
could interpret.

This suggestion is another way of saying that the variables used
in the analysis should be ones that make conceptual sense to you.
Whatever statistical findings are obtained, sooner or later those find-
ings must be interpreted in words to soméone who has less understanding
of the analysis than you do.

Suggestion 2: Lock first at the pieces before trying to put them
together.

The raw ingredients are sets of scores or values that describe
people. The raw data matrix has N rows (one row for each person or
case) and k columns (one column for each variable). Each variable or
column in the data matrix can be described by the number of points (N),

¢ ¥
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the ‘range of values, its central value (mean), its dispersion (standard
deviation), and its shape (skewed or normal, flat or peaked, unimodal
or multimodal). . X

Each pair of columns or variables can be correlated over N-cases;
thus, each pair of variables also can be described by the number of
paired points (N) and the distributional characteristics of the scatter
of points on a plane defined by perpendicular -axes. This scatter also-
can be described by the relationship or correlation between the two
sets of paired values. 5

The correlation coefficients (variously called zero-order correla-
tions, simple correlations, and bivariate correlations) are the basic
ingredients of multiple regression analysis. If there are k variables,

(k€ - k)/2 different correlation coefficients are computed to describe
.all the- two-way relationships represented in the N x k matrix of raw
data. >

Looking first at each of the two-way scattergrams resulting from
the candidate variables will help answer some questions that are impor-
“tant. . :

1.  Are the two-way relationships generally linear? If some
relationships appear curvilinear, could they be made more
nearly linear by some transformation in the scale of one of
the variables?

. Some apparent nonlinzarity in two-way scatters may be due to
the influence of a third variable; interaction terms added to
the regression equation may be helpful. Other curvilinear
relationships may be dealt with by transforming a scale
through the use of logarithms or exponents. The SPSS manual
(see "Special Topics in General Linear Models" in Reference
13) illustrates common ‘transformations that may prove helpful.

2. Do the individual data points in the various distributions
appear reasonable? In particular, look for extreme values
(outliers) that deviate markedly from the pattern. If these
are coding, scoring, or tabulation errors, correct them or
drop the case from the data set.

Extreme values, whether high or low, exert unusual leverage

on measures of variation and association. Deviant cases that

are not due to scoring or tabulation error are troublesome

gnough without creating added problems by retaining erroneous
atao . N N

A handy rule of thumb for samples of 50 or more cases is that
the standard deviation of the distribution usually will be
about 20% of the range of scores (i.e., the difference
between highest afid lowest scores). ' If standard deviations
substantially different from that are obtained, a closer 100k
is required at the scores in the distribution.
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Any data set may contain errors that are never spotted

- because they fall within the expected range.. A basic

assumption in all statistical analyses is that such errors
are random, rather than systematic, and that they are
unrelated.

The multiple regression equations that do the best job of
accounting for variation in the dependent variable are
derived from predictor variables that are not highly corre-
lated with one another but show reasonable correlation with
the dependent variable. .
Recall that the logic of regressfon anslysis assumes additiv-
ity. .One wants combinations of predictors that will add
something new, rather than redundancy, to the explanation.

If two or more predictors are correlated strongly with one
another and also correlatad reasonably strongly with the
dependent variable, consider either dropping one of the
predictors or combining the predictors into a cemposite

variable. Factor scores often prove helpful in reducing a

set of interrelated predictors to a lesser number. This
procedure is not without hazard, however, for the derived
factor score is an abstraction that is not always easy to
interpret.

It is essential to do something about predictor variables
that are correlated very highly with one another. Appro-
Priate ways of dealing with what statisticians call the
'multicollinearity problem" go beyond a simple visual scan of
bivariate (two-way, zero-order) relationships between pairs
of independent variables. However, forewarning of likely
multicollinearity problems comes from discovering several
zero-order correlations of .80 or more {(whether positive or
negative in sign).

One of the problems of multicollinearity is that the regres-
sion coefficlents will be unstable from sample to sampie. In
an extreme case of multicollinearity, the regression solution
may be indeterminate. The rule of thumb -- get rid.of the
redundant easures by dropping them or folding them into
constructed composite variables.

Suﬁgestion 3: Expect to go through several trials of

Ripe

cut-and-try."

_Lut-and-try

One way to state the goal of multiple regression analysis, as
noted in Appendix-C, is to minimize errors of estimate. This implies
that the best solution will be the one that most nearly satisfies the

following assumptions::

1.

.

N

The model .has no errors of specification:

o —————— A

/.

B —




a. Relationships are linear (or are made so through scale
transformations), ’

b. All relevant variables are included,
c. All irrelevant variables are excluded.
2. No errors of measurement exist.

3. Errors of estimate are centered at zero, are approximately
nomally distributed, have similar variance throughout the
ranges of X-values, and are unrelated to the independent
variables.

Without denying the importance of assumptions regarding the errors
of estimate, the most important of these three assunptions are those
regarding specification and measurement error. The cut-and-try
referred to at the outset involves trying out different combinations of
predictors to assure inclusion of relevant ones and exclusion of
Jirrelevant ones. At each step in such trials, a new prediction model
is being tested. It is not unusual to go through a half-dozen or so
trials before a couple of models settle out as offering essentially
equivalent total RZ values. These two or so "best" models will
differ somewhat in the regression coefficients associated with vari-
ables common to each model due to differences among the models in the
total combination -of predictors. Selection of a favored solution,
given essentially identical error or residual for each, becomes a
matter of judgment and preference. Usually the preferred model will be
the one that requires the fewest number of predictors or that can be
interpreted most simply or both. :

The assumption about errors of measurement can and should be taken
seriously. For example, if fallible tests provide data for some of the
variables, the. efforts directed toward improving the reliability of the
tests can be worthwhile as a.means of reducing measurement error. Such
effort, however, implies a cycle of inquiry rather than mere cut-and-
try for the best combination of predictors because a change in a test
will also result in a change in the basic data set. Refininyg measures
as a means for improving prediction through regression analysis implies
replication over new samples. :

Suggestion 4: Consult a statistical analyst whom you trust.

Perhaps this should have been the first suggestion, but that would
have inplied even more emphasis on questions of procedure rather than
of substance. Every analyst, no matter how experienced, will find
occasions when other opinions are helpful.  For an analyst who is not
particularly experienced with moderately advanced statistical methods
or who is unfamiliar with statistical packages that simplify computer-
jzed procedures, consultation may be essential rather than merely
helpful.. ‘
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. Many variations in thevplanning and conduct of statistical
analyses of muitivariate data have not been mentioned in this report
(see especially Appendix C). Some may be useful and particularly
fitting to the evaluation research questions you wish to tackle. For
example,, the stepwise procedures in multiple regression analysis can be
helpful if one isseeking to specify-an efficient prediction equation
from-a pool of candidate predictor variables. If the order in which
predictor variables are entered in a stepwise program is controlled,
the several combinations of solutions can be generated to allow the
somewhat controversial commonality analysis to be performed (see ‘Mood,
1971; Kerlinger & Pedhazur, 1973; Cooley & Lohnes, 1976). . Path
analysis, as a method of testing hypothesized causal relationships, has
not been mentioned; again, Kerlinger and Pedhazur (1973) or the
ubiquitous SPSS manual (Nie, et al., 1975) provide introductions and

1 Mk M

references to other sources.

?actor scores also have been mentioned as a way to construct
composite variables from se:era] related measures. Factor analysis is
a sufficiently specialized topic to need a consultant who is-familiar
with Various methods. . /

Section III of this report concerns more substantive questions of
conceiving and evaluating different instructional treatments as alter-
natives to present ones. The preceding discussion and Appendix C°
identify some of the methods that can be used to assess the worth of
new instructional treatments as alternatives to present onges.

1

“I1 TEST ITEMS AND TESTS IN CRITERION-REFERENCED MEASUREMENT

Introduction

Guidelines for the development of items and‘tests for criterion
referenced measurement are presented in some detail in the Interservice
Procedures for Instructional Systems Development (AFM 50-2), particu-

Tarly as part of Block II, Phase IT of the ISD model. Following ISD
procedures will help assure that tests are consistent with learning
objectives and training content. The guidelines in this report are

_intended to supplement guidance in ISD. The followiny paragraphs

describe some practical approaches for assuring the selection of good
test items when combining them into tests.

Measurement Assumptions

Measurement of student progress and achievement in any instruc-
tional environment is with reference to specified standards or cri-
teria. The assumption underlying jinstruction is that a student will
perform to the criterion specified for the instructional segment, given
time, effort, and access to appropriate instructional resources.

]
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Because students differ from one another on such factors as the skills
they already possess, their motivation to learn new things, ‘the amount
and quality of assistance they seek and obtain, and so on, students
also will differ in the time they require to achieve a criterion
score. Each student's route to mastery of instructional content may
differ from others in the number and kinds of errors they make and the
number of trials they require. It is assumed, however, that eventual
achievement of a criterion score denotes mastery of the instructional
content to which a test applies. Thus, criterion-referenced measure-

ment seeks to specify what a student can do. .

. An illustration of differences among students is summarized
.graphically in Figure 7. This graph illustrates the differences in
variability among trainees in a self-paced technical training course on
two complementary measures of performance: the number of test attempts .
required to reach criterion and the measured time required to reach
criterion. Both number of attempts and time have been scaled to a

common- artificial scale to simplify comparison.
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The graphs are cumulative percentage (or ogive) curves. The curve
for “number of attempts" reflects a highly skewed distribution (i.e.,
most [trainees required very few attempts to reach criterion, although a
few trainees did require many attempts). By contrast, the curve for
“measured time to criterion“'is much more nearly normal and symmetrical

|

in shape.

- Curves of the same general form as shown in Figure 7 also are
characteristic of differences between different tests or, for that
matter, between trainees on a common test. For example, if the hori-
zontal axis in Figure 7:were “"total test score," a curve 1ike the upper
one iwould illustrate a difficult test -- about 60% of persons attempt-
ing it had a score of 2 or less. By contrast, the lower curve would
illustrate an easier test -- mare than 60% of persons attempting it had
a score cf 4 or more.

Evaluation and Selection of Test Items '

In any ‘measurement effort, it is important that items making -up
the test be homogeneous; that is, be relevant to the particular.

instructional content whose mastery the iteins seek to measure. .Asses=

sing the relevance of items and the degree to which a set of items
provides adequate covergge of the instructional content to which they
apply are largely judgnental decisions for subject matter experts. The
process of arriving at such decisions is often referred to as determin-
ing the "content validity" of a test.

While judgment must be relied upon to assess content validity,
determining the characteristics of items requires data from actual
trials of candidate items. It is only by trying items under itions
similar to their intended use that the relative difficulty of items can
be determined, as well as the effectiveness with which the items
differentiate more able students from less able ones and the consis-

. tency with which they supply such information.

Statistical concepts and procedures are an indispensable part of
measurement theory and test development. In the sections that follow

- {and in Appendixes A and B, which include more detail about certain

procedures), the use of statistics has been limited to descriptive
methods that are generally familiar. Graphic methuds have baen substi-
tuted for equations when possible. For detail regarding more quanti-
tative methods for assessing and describing item and test character-

’

istics, see references 2, 6, 10, and 14. i '

Evaluating Candidate Test Items Through Trial Use During
Instruction -

In criterion-referenced measurement under conditions of student
self-pacing or essentially unlimited instructional time, it is assumed
that all students eventually will perform successfully on all items in
the test. Furthermore, the test items are assumed to discriminate

| .
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consistently; that is, if a student passes an item at one time, the
student will again pass the item if it is administered at a later
time. These assumPtions are illustriated in Table 3, using "®" to
denote pass and “F“ to denote.fail. .

Perfectly consistent patterns, as illustrated in Table 3, are
rarely found in practice. ‘Individual differences among students,
guessing, ambiguous or otherwise poorly constructed items, and other
factors may result in irregular response patterns that deviate from the
idealized one. The purpose of item trials is tc screen out the poor
items (or identify poor items for revision and improvement) so that the
eventual test is-one that provides both reliable and valid indications
of “true" student performance. '

Table 3
IDEALIZED PATTERN OF STUDENT PERFORMANCE ON TEST ITEMS )
:Time 1 ©_ Time 2 Time 3 Time 4 . .ﬂ.
Ttem ¥ Ttem - Ttem Item
Student 3 b cd abcd abcd abged .-
1 P PPF PP PP PP PP P-PPP
2 PPFF PPPF PPPP PPPP
3 P FFF PPFF PPPF PP PP
4\V FEFFF PFFF PPFF PPPE
5 FFFF FFFF PFFF P)PFF

In the illustration shown in Table 3, the time scale denotes
points that span the period of instruction: preceding, during, and
after. If Time 1 in Table 3 denoted a four-item test given prior to
instruction, the results would indicate that Student 1 probably
required very little instruction since that student .passed three of the
four items before receiving any new instruction. By contrast, Students
4 and 5 passed none of ‘the items at-Time 1. If Time 4 denoted the same
four-item test given upon completion of instruction, the results would
show that Students 1, 2, and 3 passed' all items, Student 4 passed three
of the four items, and Student -5 passed two of the four items. Another
inference that .could be made from the pattern of successive test
ddministrations is that Item a was the easiest item, Item b was the
next easiest item, and so on.
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.or more ‘trials will yield more dependable evidence.

o

If practical considerations governing the instructioral arrange-
ments permit it to be done, a direct-approach for assessing and. screen-
ing items is to administer the trial items to actual students at

. similarly spaced intervals before, during; and following.instruction

coincident with development.and refinement of test itéms. Successful
performance on test items is assumed to be a function of instruction.
Therefore, the expected performance pattern would approximate that
shown in Table 3 if the "items were good-ones.

How many. students are needed for such trials and how many trials
should be made? Clearly, there must be at least two trials, and three
The minimum number
of students needed depends’ partly on the degree of confidence desired
in the results and partly on the number of possible response patterns.
If approximate estimates are.acceptable, a three-administration trial
should have at least 16 students, and trials with more than three test
administrations should have 30 or more students. If highly accurate
estimates of item characteristics are needed, then the number of
students needed may be many times that number. As a general rule,
however, trials with from 30 to 60 students should yield data that are
?ccurate enough for most practical decisions regarding the quality of

tems. -

Appendix A is an extended discussion of an approach for evaluating

- candidate test items during the conduct of sélf-paced instruction. The

major part of Appendix A is devoted to a step-by-step example with
imaginary data for a three-trial evaluation of candidate items.
Following that detailed example, suggestions are given for extending
the method to more than three trials. :

Evaluating Candidate Test Items Through Trials with Cross-
dectional Samples

Another approach for estimating the characteristics of candidate
test items for criterion-referenced measurement is to administer the
tems to samples of people selected to represent levels of competence
in the performance area to which the test items apply. This approach °
may be an alternative when it is not feasible to administer the candi-
date items to students at intervals before, during, and following
training as described above. The approach also may be used to comple-
ment the repeated measures procedure and thereby add to the information
available for evaluating and refining items. d

In the three-trial "approach described in Appendix A, students.
respond to the full set of candidate test items at approximately
equally spaced time intervals as: they experience training. With that
approach, the functional relationship between training and test item
performance is established directly. If the items are well constructed
and appropriate to the content 'of instruction, the mean level of
student performance on each test item will increase with each succes-
sive administration. If ‘this pattern does not occur for certain items,
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- then. those items are assumed to be flawed in some way and either ave
- revised and tried again or are rejected and replaced with new items for
tryout. . ) - .
I~ The cross-sectional sample approach substitutes krown levels of
T -—experience, proficiency, or competence~f6¥, time in training. Item
. characteristics similar in form to ‘those illustrated eariier should

résult -- assuming,_of course, that the items are well designed and
“appropriaté to the performance domain t6 whi¢h the instruction is
. directed. These,assumptions~are_illustrated in Figure 8.
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The graph in Figure 8 shows the mean proportion of correct re-
sponses to hypothetical items A, B, and C by persons from three broad
levels of proficiency.in the substantive area to_which the items
apply. The steep slope for Item A indicates an item answered correctly
by very few persons of low proficiency and answered correctly by most
persons of high proficiency. By contrast, Item C js one that does not
differentiate between persons of low and moderate levels of proficiency
and-also is not answered correctly by nearly half of the persons with
high proficiency. The behavior of Item C.signals-a problem., Item C
may be poorly constructed so that response errors are due to ambiguity,
clumsy wording, or other flaws.” However, if study of the item does not
indicate obpvious flaws in wording, instructions, etc., it could be that
the instructional content to which the item applies concerns an attri-
bute "that. is not related to proficiency. If further investigation
supported that possibility, then one would reconsider the portion of
the curriculum that dealt with the attribute in question. Thus, the
screening of test items on samples.of persons representing degrees of
proficiency in the skills toward which the instruction is directed can
help identify curriculum problems as well as provide a way for refining
test items. ' s “

‘Sampling Considerations. The sampling objective is to construct a
sample of people whose proficiency in'the content area of interest
spans the range from "not at all proficient" to "very proficient or
expert.

. \ \

1. “If the tryout of candidate test items is for a course now
being taught but under revision, or for a "new" course that
is related closely to already existing courses, then an
apgropriate proficiency range might be satisfied by selecting
(a) persons assigned to the school who have pot yet begun
instruction, (b) persons at various intermediate stages of
instruction, and (c) near-graduates and very recent graduates
of the instruction.

-

/

J

2. If the.test items are.for use in a wholly new course of
instruction, identifying people who are yery proficient or
expert may not be easy. In test develoé%ent for wholly new
courses, one may need to use the same subject matter expefts
who helped develop the instruction as some of the trial
subjects for candidate test items. anding experts other
than those may be difficult. (The problem of findiny experts

' .is offset somewhat by the fact that there will be a large

pool of people with little or no profictency and who are

- prospective students in the new course; for the lower range
of the proficiency scale, the problem is simply one of

[y

appropriate selection.) o
It should be emphasized that the method used for classifying
people according Yo level of proficiency must be based on .consider-
ations other than actual test performance, Such descriptors as pay
grade, AFSC, or years of experience may be useful in-deriving a

-
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working definition of proficiency. Ratings by supervisors of perfor-
mance on the job also may be helpful. Even self-nomination could be
cons"dered. The point is that, even though the classification of
proficiency inevitably will be affected by judgment, the bases for

.classification must be independent of performance on the test items.

A Detailed Example. Appendix B describes an approach for evalu-’
ating candidate test items and constructing tests with trials of items
over a range of proficiency. The approach is developed through an
example of. steps to follow in identifying clusters of homogeneous items
and then expanding the number of items in each cluster to achieve
acceptable measurement reliability. |

The importance of homogeneity among test items is emphasized

throughout Appendix B, just as the Same point is emphasized in Appendix .

A. Homogeneity is essential to reliability. Furthermore, in crite-
rion-referenced measurement, item homogeneity is vital to one's ability
to make diagnostic interpretations of achievement test results.
Dependable diagnoses of learning difficulties provide the essential

basis for devising alternative instructional approaches to improve the
_payoff from instruction.

II1 DESIGNING AND EVALUATING ALTERNATIVE INSTRUCTIONAL TREATMENTS

-

Introduction and.Overview

This section defines, describes, and illustrates an operational
approach for a continuing program of research and evaluation directed
toward improvement in technical training. The approach builds upon the
oreceding sections, as well as theappendices, in which the following
elements were developed:

1. The reiationship of technical tréining to on-job performance
2. A classification of predictors of performance in training

3. Diagnostic evaluation of both curricula and means for
measuring trainee performance to identify areas of desirable
improvement

4. Rudiments of experimental design and statistical models.
appropriate to the analysis of data from such experiments

The principal new ingredient in this section, developed in some
detail to illustrate certain steps in the integrated approach, is an
example of how one might analyze and evaluate the performance of
trainees as a basis for designing alternative instructional treatments
to be tried experimentally and evaluated before adoption or rejection.
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Figure 9 displays the main functions in a continuing program to
évaluate, refine, and improve, technical training.
, .

The upper box in Figure 9 identifies the required external evalu-
ation -- the critical exchange of evaluative information between an
instructional program and the commands that use its graduates. A
. central function of those responsible for management of an instruc-

tional program is to assure that this information exchange is sustained
continuously. .

. The Tower box in Figure 9, labeled internal evaluation, encloses
those functions related 'most closely to the appraisal, revision, and
empirical tryout of instructional programs intended to improve the
quality of instruction. The continuous exercise of internal evaluation
functions is the résponsibility of staff of a training facility.

' Each of thé functions illustrated in Figure 9 is discussed in
greater detail in the paragraphs that follow.

Linkages Betweén External and Internal Evaluation

The 1SD model represents both’internal and external evaluation as
elements of the Control phase of instructional systems development,
thus underscoring (a) the importance of systemetic evaluation as a
basis for revision and improvement of instruction and (b) program
management responsibilities for assuring instructional quality. The
ISD model offers many useful suggestions for the planning and conduct
of internal and external evaluations, as well as ways in which evalu-
ation data can be used to guide revisions in instructional content or
procedures.

The ISD approach generally assumes the existence of an ISD Program
and an ISD Program Manager with responsibility for assuring that evalu-
ation functions are appropriately planned, documented, and carr%gd
out. In the ISD concept, plans for internal evaluation are developed
in parallel with plans for the instructional program. Internal evalua-
*7ion occurs throughout all stages of instruction. The primary objec-
tive of internal evaluation is to determine the degree to which specif-
ic instructional objectives are met. A secondary objective of inter-

nal evaluation is to ascertain whether the ISD process was successful.

External evaluation, in the ISD model, occurs after students have
completed instruction and have been assigned to jobs. The focus of
external evaluation is on post-instructional performance. External

aluation assesses the quality of the ISD job analysis toward which
Tnstruction was directed and the "fit" between job requirements and the
instruction provided. Thus, external evaluation identifies job tasks
for which provided instruction was not adequate. In the ISD concept,
it is preferable to assign external evaluation functions to agencies
that were not involved in the instruction. It is assumed that this
detachment enhances objectivity. .
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The distinctions drawn between internal and external evaluation by
the ISD model have many similarities to formative (internal) and summa-
tive (externalj evaluation (see, for example, Scriven, 1967). Even

though summative evaluation may be performed competently by someone also

involved in formative evaluation, the issue of credible objectivity
remains. It is wise to separate the functions as much as possible.

The ISD concepts of internal and external eJa]uation are sound, .
and the suggestions in the ISO manual for conducting both are practical

ones  This report enderses the concepts and urges their systematic
apr ication.

The model shown earlier in this report as Figure 9 is intended to
be in harmony with the ISD model. Figure 9 is drawn to emphasize a
point, however, that does not always emerge clearly from the ISD formu-
lation: it is a school management (or command) responsibility to-
assure that-both external and internal evaluation occur. This respon-
sibility holds whether or not it is feasible to establish ISD Program
teams or assign external evaluation-functions to outsiders.

"Program management," as identified in Figure 9; refers to the
management of the instructional program -- the commanding officer,
course supervisor, and the staff responsible for the school or training
facility. When it is possible to establish an ISD Program staff,
accountable in its performance to the school, such an arrangement is
desirable and 1ikely to result in more attention being given to evalua-
tion functions. When such arrangements are not possible, the
evaluation functions remain to be addressed by the best available
al ternate means.

This report supports fully the position that the ultimate criterion
for judging the adequacy of job-related training is the performance of
the school's graduates when assigned to those jobs for which their
instruction was intended. This viewpoint was présénted first in Figure
1 in Section I and represented again in Figure 3 in Section I. The
same viewpoint is focal to the relationships shown above in Figure 9.

An internal evaluation that reveals weaknesses in instruction hy
identifying objectives that are not being met almost necessarily means
that an external evaluation also will identify flaws in the instruc-
tional program. ("Almost necessarily" because there is a remote chance
that instruction will meet job task requirements but not fully satisfy
internal course objectives. If this occurs, it means that the instruc-
tional)program is over-designed against the criterion of job perfor-
mance. ‘

An internal evaluation that shows instructional objectives as
being met does not necessarily mean positive findings from an external
evaluation. A course may appear effective by internal criteria and yet
be found inadequate in some respects when judged by external criteria.




> i / '
* This could be caused by many factors, including: changes in the job,

-inadequate instruction, poor analysis of the job to be trained, or
invalid external evaluation.

Evaluation of instructional content and procedures must refer back
to the job requirements that provide the Jjustification for instruction
in the first place. It is not sufficient to show, through internal
evaluation, that course objectives are being met unless it also can be
shown through external evaluation that the objectives are appropriate
to the requirements of the jobs for which the instruction is intended..

Assessing Needs for Altérnative Instructional Treatments

Needs assessment is the process of identifying and specifying the
differences between desired (or acceptable) conditions (often stated as
goals) and present conditions. Discrepancies between desired and -
existing conditions are called needs. End products of a systematic
needs assessment are statements of objectives that the instructional
program Will seek in order to eliminate discrepancies between what is
desired and what currently exists -- objectives designed to "meet the
needs." The means for achieving these objectives constitute the
program plan.

There is no special mystique or hidden trick in needs assessment
-- the process amounts to a commonsense audit to create, so to speak, a
balance sheet in which goals are rectified against accomplishments to
determine needs. Some reminders may be helpful, however:

1. Systématic audits of goals and accomplishments should be
undertaken periodically to assure that no important view-
points or sources of\evidence are overlooked.

2. Outcome goals should be stated in language that specifies a
measurable attribute (ability, skill, application of know-
ledge, attitude toward job, etc.). Process goals will
jdentify conditions that trainees or instructional staff will
experience or cause to occur. An outcome goal should fit a
sentence stem such as the following: "At the end of the
program (unit, lesson, segment, block), trainees will demon-
strate..." A process goal should fit a sentence stem such
as, "During the program, trainees (instructors) will experi-
ence (take part in, do, cause, observe)..."

Needs assessment, then, serves both diagnostic and prescriptive
purposes by identifying discrepancies that call for correction, and
providing information from which to rectify discrepancies. The tools
of needs assessment are very much like those of evaluation -- end-goals
(products) must be stated in measurable terms, process-goals and imple-
mentation objectives must. be defined, and measures must be obtained
from which to assess the manner in which existing conditions meet
standards defined by the program's goals. N
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. Needs assessment calls for both external and internal evidence.
External evidence of training needs will come primarily from feedback
about the performance of graduates of training programs, and from
information about job task requirements.

Internal evidence of training needs will come largely from assess-
ment of the degree to which course objectives are being satisfied --
failure rates are higher than desired, training time is longer than
intended, certain trainees have unusual difficulties with some mater-
ials, and so on.

The importance of integrating external and internal evaluation may
be illustrated by a commonsense question that is not always raised --
what characteristics of performance during training are associated with
later performance on the job? .

Anong staff in a training facility, it is all too easy to assume
that the best performers during training also will be the best perform-
ers on the job. Conventional instructional wisdom usually views rapid
learning as ideal in a self-paced instructional environment, and error-
free learning as ideal in a group-paced instructional environment. But
it does not necessarily follow that the trainees who perform best in an
internal evaluation will be evaluated similarly by their supervisors on
the job.

More specifically, consider a cross-classification of types of
trainees according to two performance measures in a criterion-
referenced- self-paced instructional environment:

Attempts to Criterion

Time to

Criterion - Few Many
Long B D
Short A C

From a training performance perspective, Type A performers pose the
fewest problems (are "best"), and Type D performers pose the most
problems (are "worst"). Types B and C represent contrasting styles; if
speed is given high weight, then C is better than B but if error-free
performance is given high weight, then B is better than C. Left
unanswered is the question of how such performance patterns relate to
perfoimance on the job. If Type B trainees perform better on the job
than do Type C trainees, then efforts by training staff to minimize
only training time could be misdirected.

The formulation shown in Figure 9 implies a separation between
steps or stages of internal evaluation. Actually, the functions of
analyzing needs, spécifying objectives, and designing alternative
approaches are very closely coupled to one another, and all draw from a
comon base of evidence. Needs assessment feeds directly into the
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specification of objectives for new or revised programs, while the
design and development of programs fulfill those objectives.

Readers will recognize similarities between needs assessment
functions, -as discussed above, and earlier discussion in Section I in
conjunction with Figure 3. The earlier formulation illustrated in
Figure 3 is a decision~-oriented needs assessment that focuses on
trainee performance measures, both during and following training, as
the prime sources of evidence from which to judgé the need for devising
alternative instructional treatments. A central point in the earlier
arguments was that reliable and valid measures are essential to a
diagnosis of program strengths and weaknesses.

Specifying Objectives and Designing Approaches

.

Instructional objectives and their associated instructional treat-
ments are statements about the expected performance of trainees follow-
ing exposure to a segment of instruction. As noted above, an explicit
performance objective will specify a measurable attribute that 'a trainee
will demonstrate as evidence that the objective has been achieved.

In criterion-referenced measurement, particularly with student
self-pacing, the key measures of instructional effectiveness are time
to criteribn achievement, and number of attempts to successful per-
formance on the criterion test. Subordinate measures also may be
obtained, such as the time to the first attempt of ‘the criterion test
and test score obtained on the first attempt (or on each attempt).

(See Appendix D for an elaboration of these measures and discussion of’
the ways in which they related to one another in an analysis of actual
data from technical training in a computer-managed environment.)

Objectives specific to units or segments of instruction 1n a
criterion referenced, self-paced instructional environment normally
will refer to measures of performance such as those noted above. Other
program objectives may refer to additional measures of importance, such
as the following:

1. Averaée total time for course completion.

2. Variability among trainees in the total time to course
completion.

3. Failure rates.

The task of contriving real alternative treatments to satisfy
instructional objectives is more difficult than stating the objec-
tives. Appendix D presents an illustration of steps that can be taken
in analyzing trainee characteristics and performance as a basis for
developing alternative instructional designs.




Appendix D contains two main parts. The first part concerns rela-
tionships among four measures of trainee performance in a computer-
managed instructional setting in which instruction was largely self-
paced. ' The four performance measures are (a) measured time to first
attempt of criterion test (MTM), (b) score on first attempt of criter-
ion test (LSC), (c) measured time to successful performance on the
criterion test (LTM), and (d) number of attempts to criterion (NATT).
Among other things, the analysis in Appendix D shows the following:

1. Time to first test attempt (MTM) explains some 86% of the
variability in time to criterion (LTM), since MM is a
component of LTM. With the addition of the LSC'as a
gredictor3 about 92% of the variability in LTM is accounted

or.

2. First attempt score (LSC) accounts for some 66% of tbe

. variability in number of attempts to criterion (NATT). Time

- to-first attempt (MIM) adds nothing since the time difference

between MTM and LTM is essentially unrelated to MTM. This
implies that other factors, such as stylistic differences,
must also, account for some variance in NATT.

3. LSC and MTM are correlated, but the relationship is not a
stron*Mone (r = =.36; r2 = ,13). A cross~tabulation of LSC

+and MIM scores provides one way to characterize four broad
groupings of trainees according to their response styles: A
= fast and accurate, B = slow and accurate, C = fast and
inaccurate, and D = slow and inaccurate.

In the last portion of Appendix D, a hypothetical analysis is
illustrated with fictitious data to show how certain trainee attributes
could be examined in relation to performance measures as a means for
interpreting differences in response 'styles. This hypothetical example
shows a "basic skills" factor as the dominant predictor in accounting
for LTM. The example also shows that basic skills may interact with
other variables in unexpected ways. For example, with the fictitious
data, an "anxiety" factor appears to interact with basic skills such
that the combination of high ski1l and high anxiety is better for
predicting lTow or short LTM than is the combination of high skill and
Tow anxiety. Some speculative questions are derived from this hypothe-
tical analysis to illustrate a possible approach to the problem of
contriving alternatives to the present instructional treatment as a way
of reducing the average time to criterion and reducing the number of
errors (and hence the number of attempts before achieving criterion).

To extend the analysis beyond the point reached in Appendix D,
imagine that three ideas evolved as potential alternatives and an
investigation was neded to determine whether any of these had the
desired effect of reducing time or reducing errors or both:
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The first idea is to use-a pretest or screening test to esti-
mate whether a trainée should proceed directly to the criterion
test rather than spending time on instruction. This idea is
i1lustrated in Figure 10. The evaluation questions implied by
Figure 10 are the following:

1. ﬁhit is the validity of the pretest as a predictor of
scores on the criterion test?

2. What is the validity of the pretest as §=predictor of time
to criterion and number of attempts to criterion?

The idea i1lustrated in Figure 10 implies a cutting score (a
score which is "high" enough) on the pretest but does not
define it. The best way to identify an appropriate cutting
score would--be~to-ignore the pretest score at the first
decision point in Figure 10 and-assign trainees at random to.
one or the other path to the criterion test. This would assure
the full range of pretest scores on both tracks shown in Figure
10. Specification of an appropriate cutting score for future
use would then be based on actual performance data. .

As an alternative to this, a moderate level.cutting score could
be defined provisionally with the expectation of adjusting it
as performance data accumulated. This approach is net as
“oure" from an experimental design viewpoint, but it has the
practical appeal of reducing the number of trainees with low
pretest score who would by-pass instruction and be almost sure
to then fail the criterion test.

We suggest starting with a fairly low cutting score on the
first few trials and gradually moving it higher with successive
blocks of trainees. We would increase the cutting score based
on considerations of testing time vs. instructional time

saved. Any cutting score from imperfectly reliable tests, it
must be remembered, will be wrong some of the time.

The principal gain from the screening test idea illustrated in
Figure 10 will come from forcing trainees who do rot need the
instruction to bypass it. In terms of trainee response styles
referred to earlier, some “accurate but slow" trainees will be
forced to the fast track and some “inaccurate but fast"
trainees may be encouraged to be more deliberate.

The second idea is a variant of the first one. In this alter-
native, the length of criterion tests would be increased -- for
example, doubled in length. Trainees would be strongly
encouraged to attempt the criterion test as soon as possible,
but’also would be advised that they were not expected to pass
it on the first attempt. '




, —% )
PRIOR SEGMENT F
N OF INSTRUCTION )
4 - L]
3 . .
» " . i
= ! ' D

PRE-TEST | ‘ '

High Score

Low Score ’

' AEGMENT OF \
INSTRUCTION INSTRUCTION :

> A

, 3 CRITERION |
; TesT [

‘Not Pass
Pass

NEXT SEGMENT
OF INSTRUCTION

HA-423582-10

FIGURE 10 EXAMPLE OF USE OF PRE-TEST TO SCREEN TRAINEES
FOR CRITERION TEST READINESS
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The main argument underlying this alternative is that trainees-
may learn more from failing a test item than from answering it
correctly. The proposition to be tested is that feedback from
errors made over several rapidly paced trials will lead to

carlier criterion performance than will fewer, more deliberate,

\

v trials with few or no-errors. :

Important ‘additional purposes will be served by increasing the
length .of the criterion test. First, a test with many items
makes it easier to be certain that all important instructional

" content is represented in the test. (kp measurement jargon;

© the “domain sample” is increased so that the 'curricular
validity" of the test will be greaté®.)—Second, test reli-
ability is a partial function-of test length. The longer the
test, the ‘more.reliable are the scores obtained from it. (See
Appendixes A and B for discussions of test reliability as a
function of item homogeneity and the number of items.) The
point is ‘that if we are going to pass trajnees with less
instructions, we want to be quite sure about the correctness
of our pass-fail decisions.

e The third idea is somewhat more radical than the preceding two,
® ) poth of which assume individual self-pacing. The third alter-

‘ native introduces two notions that depart from the self-pacing
mode: group-pacing and peer tutoring.

The rationale for the third idea grows from the range of
response style differences among trainees., To repeat the
* earlier categorization: 2

Attempts to Criterion

\ Time tO

V. Criterion - Few Many
- 777 Long B D

) « Short A C

The idea is to create tutorial groups by cross-matching oppo-
site types and, also, to define standards of performance that
groups must satisfy before individual group members progress to
the next instructional segment. Thus, one group would be com-
posed of Type A and Type D trainees and the other group would
be made up of Type B and Type C trainees. (Several groups '

. could be organized. For example, if there were 10 Type A
trainees and 10 Type D trainees in a class, one might organize
from three to five A-D groups so each tutorial group would be
fairly small.) The group standard for progress to the next -
instructional segment might be defined as successful criterion
performance by a specified percentage of all trainees in the
group; for example, 80% or so. It might be specified further
that all trainees must attempt the criterion test within some
defined time limit. '
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The intent of the A-D grouping is to assure that Type D stu-
dents "have able tutors. The imposed requirements of group
performance are to prevent Type A trainees from abandoning .
their slower companions. Similarly, the intent of the B-C '
grouping is for each to favorably influence thegother -- for

v . Type B trainees to help Type C trainees with instructional
substance and for Type C trainees to help Type B trainees
overcome some of their apparent reluctance to commit an error.

Prior research offers some clues as to what one might expect ,
from a tutorial group experiment. For example, it is often
foind that those who tutor receive greater benefit than do
those who -are tutored.' If such a finding were to occur in the
training experiment, it might suggest that Type A traineés
. should be excluded from tutorial groups and that tutoria’
' groups be composed of roughly balanced combinations of Types B,
C, and D trainees.

The imposition of a group standard of performance could have
undesirable effects on trainees' attitudes toward instruction, «
especially if the group standard meant that too many otherwise
) qualified trainees were being detained while their slower
companions caught up with them. On the other hand, if the
experiment worked out, the net effect should be (a) a reducticn
in the average number of trials, (b) a reduction in performance
variability across the aggregate of all trainees, and (c) a .
reduction in the overall average time to criterion. These net
P effects would be the result of faster performance and fewer.
errors bysType D trainees, faster performance by Type B o
trainees, and fewer errors by Type C tratnees. Type A trainees '
might not show faster or more-accurate responses or the criter-
ion test than they do now, but they should benefit from their
tutorial roles. . .
A group tutorial experiment as described above could not be
d arranged until the first few units of instruction in a course
had been completed so that trainee response styles could be
reliably established. Means for organizing groups cou)d be
- considered as an experimental question in itself since the
. effects of heterogeneous grouping on individual motivation can
only be guessed. Some trainees might be more effective as
tutors if they knew that was why they were in the group. 0n
the other hand, less able trainees could find that their
performance was inhibited, rather than facilitated, by knowl-
edge that they had been paired intentionally with more able
companions who were expected to help them. The questions are
worthy of research under the heading of "internal evaluation."




- design ideas just presented.
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. Appendixes-A and B.

Developing Alternative Approaches

12

The task at this stage ¥§ to operationalize the concepts developed
in the preceding stages so that an evaluation experiment can be con- '
ducted. Discussion of steps in developing an alternative approach )
suitable for tryout is illustrated by extending the three alternative - .

\

The Screening Test Design °

. ,

- The first -idea was to.use a_screening ‘test or pretest prior to
beginning an. instructional segment Based on pretes formance,
trainees would be either routed dirgct]y to a- first attempt on the
¢riterion test or required to go through the ‘instructional materials.
The purpose of the approach is to reduce average total time to crite-
rion by forcing an immediate attempt on the criterion test by trainees,

with a high p?obabi]ity of successful performance. \

The new ﬁroduct needed to evaluate the utility of this approach is
a pretést that is arallel to»tig criterion test. By a strict defini-

.

tion of "parallel,’ this means a)new test that covérs the same content
areas, is identical in diffitulty, and results inla score distribution
identical. to that/of the criterion’test if the criterion-test aiso were
admipistered prior to instruction. If literal ide jty between the two
tests sould -be_satisfied, the corrglation between them would be +1.0.
It is impossible to'wholly satisfy the Jiteral requjrements of a .
parallel test. Nevertheless, statistical jdentity in test parameters
(content, mean, variance, number of items) defines the development '
objective. . . .

L} >

.Developing a parallel test t0 be used as a pretest offers an ideal
opportunity to reexamine and refine’ the criterion test as well. . Accord-
ingly, the parallel test development should begin with analysis of the
existing criterion test. Particular attention in this analysis should
be given to item hopogeneity, as discussed in Appendixes~A and B. .

~ Acgymulated records of the performance of earlier trainees on tne
criteriOn test may be sufficient for this, analysis. If not, an initial
step will be to obtain response data on the criterion test items from a
sample of persons like those for whom the test is intended. Guidelines
for sample size relative to the number of items are discussed in

o - .
. . e

Development of the parallel form probably is undertaken most '
conveniently by treating the existing criterfon test as an jtem pool,
each-item of which is to be pavalleled: . :

1. Be sure that the pool of items (i.e., the existing criterion
test) provides conteht coverage of the instructional seguent.
A systematic way to ake this check is first to prepare a
comprehensive 1ist f the objectives and sub-objectives in

Al A}
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the instructional segment an then to identify test items
that apply to each objective|and sub-objective. If there are
no test items for an objective or sub-objective, either
additional items are needed or the relevance of the objective
should be reconsidered. \

2.  Determine the homogeneity of *he items in the pool (see
Appendix A or B). If non-homogeneous items are counted as

. part of the same test, re-group items into homogeneous sub-
sets. (A subset, at this point, might have only one item.)
If criterion performance on the test had been defined earlier
as correct responses to a proportion of all items and all

items are not homogeneous, re-define criteriod performance as
correct responses to proportions of each homogeneous subset.|

N

3. Prepare new jtems that are parallel to items in the existing
pool for each content area defined by an ingtructional objec-
.tive or sub-objective. Each instructional objective or sub-

objective should now have at least two test items; preferably,
some multiple of two (i.e., 4, 6, 8, etc.). The, number of

. items per objective should be roughly proportional to the

_importance of the objective.

4. Consider the original items and the new ones as a single
pool. When content coverage, editing, format, and other
features appear satisfactory, administer the entire pool of
0ld and new -items to a new sample of percons like those for
whom the test is intended. Perform an item anaiysis (Appen- /
- dix B provides an example of jssues to consider in such an
analysis)g Cluster items into relatively homogeneous subsets
as necessary.

5. Construct two parallel forms of the total test so that each
form covers the same content and both are as nearly similar
in other respects (e.g., item means, test means, test vari-
ances) as can he managed. Flip a coin and call one form the

\ "pretest" and the other form the "criterion test.” If it
\ proves impossible to-achieve very high similarity between the
‘ two forms, designate the easier form as the pretest.

The Extended Criterion Test Design

The second jdea presented earlier (i.e., encouraging earlier ‘trials
on tests of increased length) is based on the notion that testing
oneself to get feedback from errors is a constructive strategy for
accelerating learning time. Making errors is uncomfortable for many
people, however, so trainees must be shown that errors on the first
trial or two will help them focus their efforts to learn and are
therefore desirable. Criterion tests would be lengthened to increase
the likelihood of errors in early trials and also to improve the
quality of performance measurement.
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The procedure for developing a pretest that parallels the criterion
test also is appropriate for lengthening the criterion test if one
wished to try out this second idea. The only difference in test-
development procedures is that the two forms (pretest and criterion
test) simply would be merged into one longer criterion test. Proce-
dural steps for developing new items, however, would be the same as
already described. '

The Tutorial Group§ Design

The tutorial groups idea does not require the development of new
instructional materials or additional test items. Arranging conditions
for tryout of the tutorial groups idea would call for analysis of
trainees' performance/in prior segments of instruction so that grouping
could be based on established response styles. Working definitions of
acceptabie group performance also must be specified (e.g., time limits
within which criteridn tests must be attempted and the proportion of a
group that must meet criterion before the group progresses to the next
instructional segme#t). :

/

. If this approgéh js to be evaluated properly, such evaluation data
3s trainee reactions to the procedure should be obtained. Several
possibilities are reasonable, ranging from group or individual inter-
views to questionnaires with a few rating scales and space for com-
ments. Performance data by group may be collated by aggregating
performance information as collected currently from individual train-
cesy all that thic implieg ic a code in each trainee record to define
trainee response style classifications and tutorial group assignments
so that éata can be grouped appropriately for later analysis.

Evaluating Alternative Instructional Approaches Experimentally

Eva]&ating the merits of one or more alternative instructional .
approaches relative to the instructional approach currently being used
calls first for developing a plan. The term, design, is more formal
than plan, ?UF a design is no more and no less than a plan that speci-

fies condit;ons and procedures for obtaining and analyzing the data on
which to ba e|the evaluation.

In the é]osing portion of Section I of this report ("P1anned

Experiments with Alternative Instructional Treatments'), some basic. |
design princi%]eﬁ/were discussed in relation to models for statistical

analysis appropriate for dealing with the data. Also, Appendix C )
contains an overview of multiple regression analysis since this statis-

tical model isimost appropriate to situations in which several variables //

are of interés', groups may not be equal in size, and the variables may

be a mixture of both categerical and continuous scale measurement. . /

Appendix C includes some discussion of ways to code experimental and K
\ control groups so that aptitude-by-treatment interactions can be )

estimated. | )




A few points on the logic of experimentation, statistical tests of
experimental hypotheses, and an illustration of some basic designs will
sigp]ify later discussion. . -

1 A

h As noted in Section I, experiments are performed to test proposi-
tions or hypotheses of the general form, "If X under such-and-such
corditions, then Y-will be observed." In this formulation, "X* defines
the experimental variable that is under experimenter control, “such-
and-such conditions" define the circumstances under which the experi-
ment occurs, and "Y" defines the outcome measure or the dependent
variable.

For example, suppose that for a particular block of instruction
the first lesson was critical for understanding subsequent material in
the block. We might hypothesize that students with poorer reading
skills would benefit if this lesson was presented in a filmstrip mode
with few reading demands. In order to test this hypothesis, we convert
the lesson to filmstrip and randomly assign students to either the new
or old lesson and observe the effect on block time and score. Here,
X" is which lesson is taken, the conditions are random assignment, and
"Y" is block time and score.

Experiments are designed to ensure, insofar as possible, that the
outcomes are due to the experimental manipulations, i.e., are direct
" tests of the experimental hypothesis. In the previous example, we
randomly assigned students so that we could, after block completion,
identity the poor readers {using previously obtained measures of
reading ability) and compare block performance as a function of which
lesson was taken.g As an aside, this design also permits us to compare
the performance of better readers.

The traditional statistical approach to framing the experimental
question is to say that performance will not be affected by which
lesson was taken. This is called the\BQlT_ﬁypothesis. We then use
block times and scores to reject this hypothesis, i.e., to show that
there actually was a difference. If we akg\successful in rejecting the
null hypothesis, the only conclusion we can.come to (because of the
experimental manipulation) is that the filmstrip lesson caused differ-
ential performance. "

A numerical difference between experimental conditions sufficient
in magnitude for one to conclude that observed differences are not
attributabie to chance factors is a function of the size of the observed
difference divided by the standard error of that difference, The
standard error, in turn, is a function of the number of observations
(sample size) and the variability of the measures. Commonsense
prevails -- small differences with very small standard errors may be
statistically significant and large differences with large standard
errors may not be statistically significant.

Statistical analysis is based on the theory of probabillty which
assumes that samples of cases are drawn randomly from the population to
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which one wishes to generalize. Estimates of population values (parame-
ters) are made from sample values (statistics). Any specific sample

may be good, bad, or indifferent as a basis for estimating the popu-
lation value. Without drawing all possible samples, one never knows

for sure whether a specific sample provides a close estimate of the
population value. Sampling variation is one of the “chance factors"
that may lead to rejecting, or not rejecting, a hypothesis.

Inferences about population values based on sample values make use
of theoretical distributions (e.g., the bell-shaped, normal curve) as a
foundation for probability statements about the 1ikelihood of an ob-
tained value differing fron an expected one or about differences between
one or more obtained values. When an analyst says that a value (such
as the difference between the mean of an experimental ygroup and the
mean of a control group) is "statistically significant," the analyst is
using shorthand to say that the probability is so small that a value as
large would be obtained by chance, that the null hypothesis of "no
difference" has been rejected.

Significance levels are defined in probability terms. For example,
values such as p < .05 may be attached to an obtained value (such as
the difference between two means). This probability statement -- p <
.05 -- means that the chances are less than 5 in 100 that a value that
large would be obtained if the null hypothesis were true. T

Specifying a probability level for acceptance or rejection of the
aill hypothiesis is a matter of convention; such nrobability values as
.05 or .01 are commonly used. These levels, however, are arbitrary and
adopted for convenience. \It might be better if the habit of rejecting
or not rejecting a null hypothesis at some arbitrary level (e.g., p <
.05) were abandoned entirely and associated probabilities simply
reported and interpreted. Furthermore, it is important to note that a
difference can be statistically significant without being significant
from a practical standpoint. Does a time gain of X-minutes per
trainee, which may be statistically significant, make any practical
difference in the way that instruction is conducted? Such questions
are worth asking when one interprets statistical findings.

It is also important to note that an inference drawn from an
experiment may be incorrect. Consider the following tabulation:

True Situation

Conclusion No Difference Real Difference
Real difference Type I error Correct
No difference Correct Type 11 error

Thus, if one rejects the null hypothesis by concluding a “real differ-
ence” when in fact there is not a real difference, a so-called Type I
error has been committed. The probability of a Type I error is equal
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to the significance level that has been defined for rejecting or not
rejecting the null hypothesis; if the .05 level is defined, then the
chances of a Type I error (false rejection of the null hypothesis) are
5 in 100. The significance sword has two edges, however. If one sets
a more stringent level (say, .01) for rejecting the null hypothesis,
the chances increase that a Type II error (false acceptance) will be
comitted. The chances of a Type Il error can be reduced by relaxing
the Tevel for rejecting the null hypothesis (e.g., p < .05 instead of
-0l or p < .10 instead of .05), using a more powerful statistical test,
and increasing the sample size.

This discussion of hypothesis testing is relevant to experimental
design considerations and suggests the following guidelines:

1. Samples should be randomly drawn if one expects to make \
appropriate use of the methods of statistical inference. If
one is comparing the effectiveness of rival methods for
instruction, the people who experience the methods should be
assigned to one method or another by a randon procedure. As

will be noted later, one must pay attention to randomization |

if the intent is to avoid erroneous conclusions.

2. Samples should be as large as reasonably possibie.' Larger
samples mean smaller errors and fewer errors of inference.

3.  Hypotheses or propositions about expected effects of rival
treatments should be as specific as possibie. A hypotiesis
asserting that Treatment A will be superior to Treatment B
permits a directional statistical hypothesis to be tested.
Directional hypotheses are more powerful than nondirectional
ones. If the theory or arguments that led to the design of
alternate treatments is sufficiently persuasive for one to
predict the direction of difference between rival treatments,
then the experimental hypothesis should be so stated.

4. View hypothesis testing in probability terms rather than in
categorical "reject-not reject" terms. A sizeable difference
obtained in an experiment with-small samples may fail to
satisfy some predetermined level for rejecting the "no
difference" hypothesis {say, p = .20 instead of p < .05).

‘One certainly would not claim discovery of immutable truth on
the strength of such weak statistical support. On the other
hand, if the difference is in the hypothesized direction and
the principal reason for the high probability value (p = .20)
associated with the finding appears to be the small sample
size, one would want to test the hypothesis again with a new
and larger sample, rather than abandoning it. Conversely, a
"so what?" question is appropriate even when "statistica)
significance" is achieved -- a difference can be relijable
without being of practical worth.
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Certain conventions have become common for representing an experi-
mental or quasi-experimental design (see Campbell & Stanley, 1963). To
illustrate, Campbell and Stanley portray the Pretest-Posttest Control \
Group Design (a "true" experimental design) as follows:

R 0 X 0 .
R 0 0 ,

In this representation, time runs from left to right. If symbols are
vertical relative to oné another, they occur at the same time. If
symbols are on the same line, the events are experienced by the same
persons. Symbols have the following meaning:

R = Random assignment
0 = Observation (measurement) of some kind
X = Exposure of a group to an experimertal variable or event;

i.e., the experimental “treatment"

Thus, the representation above shows that (a) subjects are randomly
assigned to experimental (X) or control (blank) treatments, (b) obser-
vations (measurements) are made prior to exposure (the pretest), (c)
experimental treatment occurs, and (d) observations (measurements) are

made following exposure (the posttest). ;

This notation scheme uses a blank space to represent the treatment
experienced by the coniroi group. This does not necessarily mean that
nothing occurs. The blank space usually will denote a rival treatment

-- for example, the "old way" to which the "new (experimental) way" is
being contrasted.

Campbell and Stanley also use a horizontal dashed line separating
two groups to indicate that groups on either side of the line are not
equivalent to one another (for example, intact classes or groups not
randomly assigned). To illustrate, a non-equivalent control group
design (a quasi-experimental design) is symbolized as follows:

The -discussion that follows builds on both Section I and Appendix
C. The emphasis is on clarifying who will be measured, when they will
be measured, the kinds of measures to be obtained, and how the data .
from measurements will be processed and analyzed.

Treatment Groups

In instructional evaluation research, a treatment group is a batch
of people defined by the treatment or instructional program they
experience, Evaluation of alternative treatments implies comparisons
between at least two groups -- one that experiences the existing
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instructional program and one that experiences an alternative to the
existing program. If more than one alternative is being considered
simultaneously, then there will be as many experimental groups as there
areé alternative treatments to be compared.

The term, control group, often is used to denote the reference
group against which- the experimental group or groups will be contras-
ted. Perhaps a more descriptive term wonld be ' compar1son group,” thus
reserving control group for describing true experiments in which one
can assure insulation of one group from another.

Evaluations of alternative instructional treatments are made to
help guide such decisions as the foilowing:

1. Which approach is better, on the average?

2. Which approach is better for trainees of such-and-such
characteristics?

3. Which approach is most difficult to implement?

4. Which approach is preferred by trainaes?

5. Which approach is preferred by the instructional staff?

To provide credible-evidence to- support conclusions about which
approach 1s best, preferred least d1ff1cu1t to manage, or whatever, it
la bllblbul llUb bU bb(‘hl\ UIC bdlUb,. lllbcllbluuall] or IJ] ubblur:nb’ lll

favor of one rival approach over another. By far the best way to guard
against card-stacking is to assign people to treatments by a random

procedure -- that is, by a procedure that gives everyone an equal chance

of being assigned to one of the treatments.

Randomization gives each treatment an equal chance of being ap-
plied to any subject (person). However, randomization does not guaran-
tee to balance out natural differences among subjects. If some personal
attribute is known (or strongly suspected) to be related to the depend-
ent variable performance, various straightforward methods can be used
to approximate balance between or among groups on that attribute. For
example, jf reading speed is 1ikely to be related to performance on the
dependent variable measure and one has prior measures of reading speed,
all eligible subjects can be numbered from high to low on reading speed
in advance of their random selection for treatment group assignment.
Using an unbiased method of selection, subjects then can be assigned
systematically from highest to lowest to one or another treatment. For
instance, with only two treatments, one might designate subjects for
treatment by the flip of a coin (e.g.,"heads = odd numbers = Treatment
A"). This procedure would tend to balance reading ability between the
two treatments.,

With three or more treatments to compare, systematic saupling can
be followed. For example, with three treatments, one vants three
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groups of approximately equal size and average reading speed from the
numbered 1ist generated as just described. One @ay scan a column from
a table of random nunbers in search for last-place digits of 1, 2, or
3. The first of these digits found -~ 1 or 2 or 3 -~ will designate
Treatment A and the second digit found will designate Treatment B;
since both Treatments A and B are then defined, Treatment C is defined
by the remaining number. If the first number found was "2," then
Subject Mumber 2 and every third number thereafter (i.e., 5, 8,11, 14,
and so on) would be assigned to Treatment A. Such:a systematic proce-
dure satisfies two requirenents: (1) individual assignment to treat-
ment group has been determined randomly and (2) each treatment group
will include approximately the full range on the reading speed measure,
thus essentially equating treatment groups on reading speed.

Sometimes it is not possible to make individual assignments of
subjects to groups -- administrative groupings or natural groupings
must be left intact. For example, with classroom instruction that is
instructor-paced, it is seldom possible (and may not be appropriate in
any event) to break up the class of students. Now one unit of analysis
becomes the class and randomization must be applied to.classes defined
by times of day, instructors' names, etc.

Difficult problems arise in the analysis of data obtained from
intact groups.. Such factors as instructor and class group now become
factors in the design -- the comparison is no longer a simple Treatment
A vs. Treatment B comparison between randomly assigned students, but
“Treatment A with Instructor Jones in the morning class vs. Treatment A
with Instructor Smith in the afternoon ciass vs. Treatment B with
Instructor Brown in the evening class, and so on. Furthérmore, the
characteristics of persons in each class may be systematically differ-
ent (e.g., Instructor Jones has mostly "fast" students and Instructor
Smith has mostly "slow" students and Instructor Brown has:the students
who enrolled last).

Statistical problems can be managed, although not always neatly.
For example, each combination of treatment by instructor by intact
group can be coded as a unique treatment in a multiple regression
analysis. The interpretation of findings is more difficult than in
simpler arrangements, however, since so many factors likely to influ-,
ence the findings are confounded.

If circumstances require that intact groups be used, the principle
of randomization of treatment assignment is no less important. Given
time and resources, it may be possible to repeat the experiment enough
times so that each instructor applies each treatment with several
classes. Larger samples and more replications (repetitions) usually
turn out to be about the best one can do to balance things out in
experiments that must be carried out with intact groups.

The designation of who uses which treatment with which group in
which replication can still be made by random procedures. It is really
impossible to pay too much attention to randomization. As a principle,
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if a random procedure can be used to decide who experiences what
treatment when, then a random procedure should be used.

Times and Kinds of Measurement

Measurements may be made at many different times relative to the
period of instructional treatment depending on what the measures are
expected to reveal. .

The most important measurement point is that immediately following
exposure to the rival treatments. For example, using the Campbell and
Stanley notation, a posttest-only control group design would be
symbolized as follows:

The random assignment of subjects to treatment guards against
systematic bias in the characteristics of subjects, including their
readiness for the instructional treatment. Thus, there may be no
important purpose served by a pretest. The posttest, however, is the
direct measure of effects; this measure should be made as soon as
possible following treatment so that other influential'factors do not
intervene between treatment and measurement of effect.

Sometimes it may not be possible to do‘ﬁore than estimate the
effects of a variation in treatment on the momentum established by
prior instruction. Such a time series design may be symbolized as
follows: . .

0 0 O 0Xx0 0 0 O

Measures preceding the experimentai treatment establish a trend line or

* norm of progress prior to the experimental intervention. In plotting

measures over time, one might hope to find a disjunction in the trend
line at the time when the treatment is introduced. This is a ‘'quasi-
experinental design in which subjects essentially serve as their own
controls. It sometimes is referred to as a "regression discontinuity
model."

In self-paced instruction, it may be possible to combine the
benefits of time-series measurements with true experiments embedded
within a progression. The following would symbolize such a design:

R ox o]0 0)
0 0 0
R ol o of '

-~

The single string of observations preceding the bracketed posttest-only
control group design denotes that all trainees experience common
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treatment up to the point at which a random split is made to test an
experimental segment. Following the posttest, trainees may merge again
into a single group. Alternatively, differentiated measurement could
continue for a time as a way of measuring the persistence of effects
from the experimental treatment.

One difficulty in symbolizing This design is the fact that
trainees in se]f—paéed instruction are likely to be distributed at
various stages of instruction. Thus, the re resentation shown denotes
a subset of trainees' (possibly as few as twog who have reached a
particular stage of instruction. Data would be accumulated over
several such small-sample experiments before final analyses were
carried out. ’

Finally, it is important to emphasize. that all measures (obser-
vations) of interest do not have to be made at the same time. For
o example, one might be interested 1n several consequences associated .
with an experimental treatment, such as trainee attitudes toward the
course, trainee achievement, and instructors' assessments of the
method. One set of measures might be obtained as a time series,
another might be posttest only, and the third variable be measured in a
pretest-posttest pattern.

Data Processing and Analysis

Long periods of data collection and many different measures of
interest can create problems of data storage, retrieval, and proces-
sing, even when the number of cases is small.. When sample sizes become
fairly large, data handling can become a formidable problem. A
complete evaluation plan will include consideration of how data will be
recorded and organized to facilitate retrieval for use in analyses.

Table 4 suggests-a skeleton layout for recording information about
participants in an experimental trial of alternative instructional
treatments. Although arranged as though one anticipated paper-and-
pencil analyses with a desk-top calculator, it should be easy to see
that the categories translate into instructions for encoding data for
machine storage.

1f one has the benefit of computer support, the skeleton layout
i1lustrated in Table 4 may approximate the structure of an analysis
file created by extracting data‘from several different special purpose
files or an omnibus data bank. If viewed as the strycture for an
analysis file, note that many of the illustrative variables defined by
column heads or listed in the footnotes may be irrelevant for any
particular planned analysis. For example, if no use is planned for
Armed Services Vocational Aptitude Battery (ASVAB) scores in an
analysis, thén that entry is extraneous.

Table 4 is.simply one of many possible layouts for a subject-~by- J
variable raw data matrix. Each row jdentdfies a participant in an
s instructional treatment experiment. Each column provides some piece of

o
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information necessary for grouping data for analyses or computing
measures of association between pairs of entries.. The manner in which
the data are grouped for analysis will depend upon the analytic model
chosen. The array (whether viewed as a spread sheet for paper-and-
pencil tabulation or as fields into which data may be encoded for
machine tabulation and computation) assumes a multiple regression
analysis as the most 1ikely statistical model. Reference back to
Section I ("Planned Experiments with Alternative Instructional
Treatments") and to Appendixes C and D may be useful at this point.
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Table 4
SKELETON LAYOUT FOR'CODING OR RECORDING TRAINEE CHARACTERISTICS AND‘PERFORMANCE DATA
i
o DATA FROM EXPERIMENT
TREATMENT GROUP 4/ PERFORMANCE DATA &/
PRE-INSTRUCTION | . ™~ T
e TRAINEE | BACKGROUND 1/ | HISTORY 2/|  PROFILE 3/ ASSIGN ASSIGN | TEMSCORE | ITEM SCORE
-~ ’ NAME | tD | o CODE DATE }...| CODE DATE DATE |+ee DATE
12 '
...,—-:qf-""" . \"’J -~ L~ A~ L/ ] B ————
1/ Exampies. Date of bisth, Sex, Race, Ethnic group, Marital status, Home of record, Highest year of school completed, Social Securnity number, Branch of service,
ASVAB profile, AFSC/MOS, Most recent duty assignment, Pay grade, etc.
2/ Examptas. Data of sarollimant for aach course in which enrolled at school or facihity.
3/ Exampies. Reading sklis (vocabulary, comprehension, speed), Mathematics skills, Media preferences {projected wisual, printed, aural), /énnudes. {nterests,
. Teants lamuety, cuniosity, etc.), atc.

41 Examples. ldentifies treatment group membership {Treatment A group, Treatment B group, atc.) and date of assignment to group. Muluple entries provide
for changes in group membership 1n multi~stage expenments.

5/ Examples. Tests and other measures (1, 2, ... nJ coded for identity of measure. Celi entnies are paw 1item scores and dates of test administrations.
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Appendix A

A THREE-TRIAL EXAMPLE FOR EVALUATING CANDIDATE TEST ITEMS
THROUGH USE DURING ACTUAL SELF-PACED INSTRUCTION
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A THREE-TRIAL EXAMPLE FOR EVALUATING CANDIDATE TEST
ITEMS THROUGH USE DURING ACTUAL SELF-PACED INSTRUCTION

Introduction

This appendix presents step-by-step detaii for evaluating candi-~
date test items within the context of actual self-paced instruction.
The model for evaluation would fit a situation where a new course was
being tried out, or where several lessons within an existing course
were being revised, and there was need to develop criterion tests for
new or revised segments of instruction. The model also would fit an
established course in which student achievement measurc:s were being
revised but course content was unchanged.

The data used in the example are hypothetical. For convenience of
illustration, the detailed example has 16 students and eight candidate
test items. In practice, both the number of students and the number of
candidate items should be greater.

Following presentation of the three-trial example, suggestions are
presented for extending the evaluation model to more than three trials.

Scheduling Testing Points

The plan for trials of candidate items must assure variability in
student performance. In self-paced instruction where progress from one
instructional segment to the next is determined by successful perfor-
mance on a criterion test, the easiest way to assure that trainees are
distributed at differing stages of progress is to time the measurements
to occur at approximately equally-spaced time intervals.

The first trial administration should precede the beginning of
instruction; that is, be a pretest composed of all candidate items
before any instruction in the first lesson. The second and third
trials should be about equally spaced in time and scheduled so that the
third or final trial occurs before the first student who completes the
course has been reassigned and departed from the school.

With a new course, estimating these times involves judgment. If
about one-third of all students have completed the mid-lesson before
the scheduled time for the second trial has been reached, try to con-
duct the second trial at about that point. If about one-fourth of all
students have completed the final lesson before the scheduled time for
the third trial, try to conduct the third trial at that time to mini-
mize losses of students from the trial group.
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Weighting Item. Response Patterns-

On a simple two-valued pass-or-fail scoring system, there.are
eight possible response patterns for each item that could occur over a
three-trial sequence. Using "P" to denote pass and “"F" to denote fail,
these eight possibilities over three successive trials are as follows:
F-F-F, F-P-F, P-F-F, F-F-P, F-P-P, P-F-P, P-P-F, and P-P-P. Some of
these possible pat- terns conform to an acceptable performance and
others do not. The eight patterns may be rearranged and grouped into
at least three classes according to the desirabi]ity of their response
patterns as shown in Table A-1.

Table A-1

ITEM RESPONSE PATTERNS ACCORDING TO DESIRED
PERFORMANCE FOR A THREE-TRIAL SEQUENCE

Response Pattern
rial Imal Irial Response Qualitative Quantitative

1 2 3 Scoring Rating Rating
F F P N2 0K 3
F p p 122 0K 3
P P P 222 Acceptable 2
F F F m Acceptable 2
p F P 212 Acceptable 2
F P F 121 Not OK ]
P F F 21 Not 0K L
P P F 221 Not OK 1

The above ratings reflect two considerations: improvement over
time and consistency of response. A rating scale with more than three
points might be used. For example, the P-F-P pattern rated as "2" is
Tess consistent than either P-P-P or F-F-F, also rated as "2." In
practical applications, however -- especia]]y in early or intermediate
stages of item development and refinement -- the three-point scale
provides acceptable weights for items to guide decisions about items to
retain, items to revise, and items to reject.

A procedure for using respornjse pattern we1ghts in evaluating items
is shown below in some detail. g1th small numbers of students avail-
able on which to try out training performance test items, the procedure
is simple enough to be applied with paper and pencil. Obviously, a
procedure such as*the one illustrated in the following paragraphs also
could be analyzed with even less effort through the use of a computer.
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An I1lustrative Layout for Item Response Data

Table A-2 shows an illustrative layout with-hypothetical data for
a three-step trial of eight items with 16 students. (As a reminder,
the numbers of items and students have been kept small to simplify the
illustration; in practice, probably many more than eight items would be
tried out and more than 16 students would serve as trial subjects.)

Table A-2

HYPOTHETICAL DATA FOR A THREE-STEP TRIAL
OF EIGHT ITEMS WITH 16 STUDENTS

Pattern Frequency by Item

Response Ttem  Item Item Item Item Item Item Ttem
Scoring Weight a b c d e f . g h
112 3 4 6 3 3 2 2 2 5
122 3 2 1 3 1 1 3 4 - 1
222 2 3 - 1 2 5 2 - 4
N1 2 - 2 4 1 4 1 1 1
212 2 1 3 - ] 1 3 3 H
121 1 2 2 1 5 1 3 2 )
211 ] 3 1 3 ] 2 2 3 -
22 L 1 1 a1 02 - = 1 23
Total , 16 16 16 16 ~ 16 16 16 16
Weighted Trial 1 2.750 2.688 2.438 2.312 2.875 2.750 2.625 2.938
Means for Trial 2 2.938 2.562 2.875 2.625 2.875 3.000 2.938 3.062
Items by Trial 3 3.625 3.875 3.312 2.875 3.312 3.562 3.500 3.875

Trial

The weighted means by trial for each item are obtained by multi-
plying the response for the trial by the weight for the response pat- '
tern by the frequency of the response pattern and dividing the product
by the total number; i.e., [(Weight)(Trial Response)(Frequency}]/N.
This computation is shown' in detail below for Trial 1 on Item a.

Item a
Response Pattern Trial | Response Computation
Pattern  MWeight  Response Score Frequency (Wt.)(Resp.)(Freq.)
FFP 3 i 4 3x1x4=12
~FPP 3 1 2 3x1x2= 6
PPP 2 2 3 2x2x3=12
FFF 2 1 0 2x1x0= 0
PFP 2 2 1 2x2x1= 4
FPF 1 1 2 1x1x2= 2 t
PFF 1 2 3 1x2x3= 6
PPF 1 2 1 1x2x1=_2
16 44
A
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The weighted mean for Trial 1 on Item a is 44/16 = 2.750.

The weighted means by trial for each item shown in Table A-2
indicate that seven of the eight items reflect the desired quality of
improvement over time, as illustrated in Section II, Table 3. Item b
displays a slightly lower weighted mean at Trial 2 than at Trial 1,
thus departing from the dsired form. Item e has identical weighted
means-at both Trials 1 and 2, but shows an Tncreased mean at Trial 3
and is therefore acceptatle.

Statistical Analyses of Item Response Data

Three statistical analyses of the item data are appropriate at
this point to help determine which items to retain in their present
form, which ones to revise, and which ones to reject. More extensive
discussion and examples of these analyses aré shown in Appendix B. The
types ‘of analyses and the main principles underlying them are as
follows:

1.  Determine the homogeneity of the items as a-set and search
for relatively homogeneous subsets within the larger set.
Measurement theory assumes that test item scores are combined
by summing (with or without differential weighting of items)

“into a total score. Unless items are more or less homo-
geneous --.that is, unless they "go together" statistically
as well as according to their manifest content -- it makes
little sense to think of the items as comprising a single
test. The fact that an item in a set of candidate items does
not prove to be homogeneous with other items in the set is
not sufficient for rejecting the item for possible use.
Nonhomogeneity of an item, however, is sufficient reason for
rejecting the item as one of a set of items called a test.
An item that stands apart from companion® items belongs in
another group with new companions.

Evidence of homogeneity requires data from actual trials of
items with persons 1ike those for whom the test is intended.
The extent to which items "go together" implies correlational
analysis. With a large ponl of items, the approach that
requires the least computation is to correlate each item with

. @ total score made up from the set of items (or from reduced

- sets that exclude each itemtin turn). Items that correlate

with the total score also correlate with one another.
Examining patterns of intercorrelations among items is
somewhat more sensitive. This approach is computationally
more tedious, however, for it requires at least (n2 - n}/2
compugations instead of n computations (where n = number of
items).

The principle, then, is homogeneity; the means for estimating
it is through part-shole or item vs. item correlational
analyses.
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2.  Estimate the reliability of the set of items and of subsets
oF the most homogeneous jtems. Once sets of items that are
reaspnably homogeneous have been identified, estimate the
length of test required to achieve a desired level of
reliability.

Reliability is closely related to homogeneity. One approach
to estimating reliability from a single test auministration
makes use of the ratio of the sum of item variances to the
variance in total scores. The other ingredient in that index
of reliability is the number of items.

kY
Errorless test measurement -- perfectly reliable measurement
-- assumes a test of infinite length. The tolerable upper
limit on test length is far short of infinity, In addition,
there is a.practical 1imit to the number of different items
that can be conceived for most behavioral domains. Even so,
the most direct approach for increasing measurement reli-
ability is to increase the number of items. A procedure for
estimating the number of items required to increase the
reliability of a short test to a higher, desired level is
discussed and illustrated in Appendix B.

3. Examine the performance characteristics of candidate items.
The 1ikelihood of passing an .dtem should be related posi-
tively to time in training or some independent index of
proficiency in the subject matter of the test. In criterion-
referenced measurement in a sel f-paced instructional environ-
ment, items that do not conform to a mgnotonic form (i.e.,
"0K" or "acceptable” response patterns from Table A-1)
usually should be rejected.

Estimating Item Homogeneity and Test Reliability

Table A-3 shows the results of an analysis to estimate the homo-
geneity of the eight candidate -items, a-h, as summarized earlier in
Table A-2. Item means by trial are repeated in Table A-3 from Table
A-2. The standard deviations of item responses by trial reflects the
spread of scores around the mean; in statistical jargon, the standard
deviation is the square root of the variance. The figures of greatest
interest in Table A-3 are the correlation coefficients that indicate
how well the items "go together." (See Appendix C for discussion and
examples of correlation.) .

Two sets of correlation coefficients are shown in Table A-3. The
larger coefficients, identified in the table as "item vs. total score,"

. are based on the hypothetical responses of 16 persons to each item ing

each of the three trials. Each response was weighted according to the
procedure described earlier. Each person's‘item scores were then
paired with that person's total score made up of the sum of the
responses to all items. These first correlations are inflated, how-
ever, since part of the total score variation is controlled by the item
itself.
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Table A-3
ITEM,VS. TOTAL SCOEE CORRELATIONS AS A BASIS FOR
ESTIMATING HOMOGENEITY AMONG-ITEMS 2
Correlation Coefficients
Test . Weighted Standard [tem vs. Item vs. Total of
Item Trial Mean Deviation Total Score Remaining Items
a 1st 2.750 . 0.9682 .4611 v . 1381 \
2nd 2.938 1.5194 .5159 R .1709 .
3rd ‘ 3.625 2.1759 .4497 . 1041
f
b 1st 2.688 0.9164 .4248 1157
2nd 2.562 1.0588 .0018 -.2464
3rd 3.875 2.1176 .3956 ) ..05632
c 1st 2.438 * 0.7043 .2590 .0140
2nd 2.875 1.6910 .3373 -.0757}
3rd o 3.312 2.2000 .3349 -.0056
d Ist 2.312 1.1022 4174 .0367
nd 2.625 1.1659 .4568 .1930
3rd 3.875 2.1176 .3521 .0058
e 1st 2.875 0.6922 .7848 5781
2nd 2.875 1.3170 .4790 .1800
3rd 3.312 1.7219 .4951 .2383
- f 1st 2.750 1.0897 .1299 -.2443
2nd 3.000 1.6583 0911 -.2970
3rd 3.562 2.0300 .0684 -.2558
g 1st 2.625 - 0.9270 . 3583 .0377
2nd 2.938 1.8530 . 4067 -.045]
3rd 3.500 2.2079 .4379 .0848
h 1st 2.938 0.8992 .1544 -.1588
and 3.062 . 1.0879 .6545 .4598
3~d 3.875 1.9961 L4043 .0845
Total  1st 21.375 - 2.8696
AN Zrnd 22.875 4.1363
Items 3rd 27.938 6.]0?1

A -

Note: N = 16 for all computations. Basic response pattern data
(16 test-takers, 8 items, 3 trials at equally spaced times) are all
hypothetical; computations are for ilustration only.
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The right-hand column of Table A-3, labelled "item vs. total of
remaining items," corrects for this inflation by correlating each item
response with a sum composed of all the remaining items. As can be
seen, the adjusted part-whole correlations are substantially smaller
and several actually shift from positive to negative in direction.

It is evid%nt from the right-hand column of Table A-3 that only
about half of the eight candidate items show signs of belonging to a
more or less homogeneous set.” Items e and a ook encouraging whereas
Item f rather obviously belongs somewhere else since it is negatively
related to what'the other items are measuring. For illustration,

_ assume that Items a, e, g, and h were singled out as the items to
retain and réfine. How does the homogeneity of that subset compare to
the homogeneity of the remaining items? Table A-4 provides an answer.

When the total of eight items is split into subsets based on how
* the individual items correlate with the total score (see Table A-3),
the meaning of homogeneity among items becomes clear, and the effect of:
item homogeneity upon test.reliability is evident.

The total of eight items is not at all promising as a homogeneous
test, as shown in the right-hand column of Table A-4. As can be seen,
the sum of variances of responses to individual items is virtually as
great as total score variance. This leads to very low estimates of
test reliability. The eight items would need to be increased to per-
haps several hundred before a test with such low homogeneity could meet
desired reliabilfty standards. . -

When. Items a, e, g, and h are singled out &s a "subtest," the
situation becomes more promising. As a group, these four items display
total score variance that exceeds item variance by a sufficient margin
for that subset to be considered reasonably homogeneous. Homogeneous,
in this case, is a relative matter -- certainly they are far more homo-
geneous than the full set of eight items.. Using the Spearman-Brown
formula to estimate reliability of a lengthened test made up of similar
items, it appears that a-test of from 30 to 50 similar items would have
a reliability in the range of about .70 to-.about .80. (See Appendix B
for discussion of the Spearman-Brown formula and a detailed example of
its application.) Reliabilities of .70 to .80 are not high by commer-
cial test standards but such a level is quite satisfactory for progress
measures. In short, these four items provide a foundation on which to
construct some additional measures to enhance measurement reliabitity.

The residual cf items -- b, ¢, d, and f -- would be rejected on
statistical grounds as part of a test that also included Items a, e, g,

and h. Item variance for this subset is high relative to total score

variance for the subset. The negative reliability coefficients shown

in Table A-4 are very unlikely to be encountered in actual test devel-

opment, particularly with achievement measures. In this example, the .
negative coefficients are a consequence of the quasi-random pattern of

item responses by persons that were generated to provide data for an

illustration. The resulting example is dramatic but not at all common.
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. Table A-4
ESTIMATES OF TEST RELIABILITY BASED ON ITEM AND TOTAL SCORE VARIANCE

Subtest of Items Subtest of Items Total of

Statistic a, e, g, h b, ¢, d, f 8 Items
Weighted mean
>~ Trial 1 11.1875 10.1875 21.3750
Trial 2 11.8125 11.0625 22.8750
Trial 3 14.3125 13.6250 27.937%
Total Score ,
Variance '
Trial 1 . 4.5273 . * 3.0273 8.2344 :
Trial 2 11.4023 4.6836 17.1094 ;

Trial.3 19.3398 12.6094 37.3086

Sum of individual
item variances

- Trial 1 3.5898 3.7383 7.3281
Trial 2 " 8.6602° 8.0898 16.7500 .
Trial 3 16.5586 17.9297 34.4883
Coefficient alpha* '
! Trial ? .276) -.3131*% 1258
A Trial 2 .3207 -.9697%* .0249
\ Trial 3 1917 -.5620%* .08b4 *

eneity. See Appendix B for comment. The equation is as follows:

= ' 2 2
| r = (kD 01 - (255 7 sD)]

‘Coefficient alpha is an index of test reliability based on item homo-
|
|
\
,, i
where r . = reliability of test of k items
|
\

k = number of items
Zsf = sum of jtem variancas
2 .
st = variance of total scores

** . L] 3
See text for discussion of negative coefficients.
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Table A-3 (as well as Table A-2) showed that all but one of the
eight candidate test items displayed an increasing monotonic form;
i.e., lowest mean scores-occurred on Trial 1, higher means on Trial 2,
and highest mean scores on Trial 3. By that standard, these items
might be judged as adequate. Unless an item is homogeneous with other
items in a set, however, the jtem should not be thought of as part of a
test for which 'a total score is obtained by summing across items.

The preceding point has been made before but is jmportant enough
to warrant repeating. A single item may be an appropriate measure of
one of the effects of instruction even though it does not prove to be
homogeneous with other potential (or candidate) test items. When such
deviant items-are used, it amounts to creating a test with a single
item. Sampling theory, as well as.common sense, reminds us that the
average of several measures of something is a better estimate of a
'true" value than is a single measure. The implication, then, is that
other items must be developed that are homogeneous with the original
one if one wishes to increase the reliability of measurement.

Contrasting Item Response Profiles overéTrials

When a1l or nearly all candidate test items display an increasing
monotonic form of responses obtained at spaced intervals coincident .
with instruction and there is need to select the best of an apparently
good lot, the "distance" (D) statistic may prove useful. .The distance
between profiles for entities a and b (e.g., students a and b, items a
and b) for any number of variables (k) is the square root of the
following expression:

2

2
ab )

- X

D bk

= (X.; =X

al b1 ak

2 2
) + (Xa2 - sz) + ¢ o @ + (X
For example, assume. that an item performance characteristic
defined by the fcllowing pattern provided a desired idealized model
against which to contrast obtained responses. ("Pass" = 2 and "fail" =
1 in the following example, just as. in the preceding examples.)

Response by Trial Relative

Response Pattern Trial Trial Trial Response

Pattern Weight 1 2 -3 Frequency
112 3 1 2 3
122 3 1, "2 2
222 2 2 2 2 1
111 2 1 1 1 ?

~ x
ry A , N




Computation of Trial Means: [(Nt.)(Resp:)(Freq.)] /N

Trial 1: (3x1x3)+(3x1x2)+(2x2x1)+(2x1x2) / 8

= 2.875
! Trial 20 (3x1x3)+(3x2x2)+(2x2x1)+(2x1x2) / 8 = 3.625
Trial 3: (3x2x3)+(3x2x2)+(2x2x1)+(2x1x2) / 8 = 4.750

None of the response patterns shown earlier in Table A-3 )
corresponds exactly with this particular idealized profile. The "D"
statistic permits the similarity. between each obtained profile and the
idealized one to be expressed quantitativeiy. In addition, the
idealjzed profile can be compared to a "chance" profile, where "chance"
(random) is defined by each of the eight possible patterns having the
same frequency. For example, with eight possible response patterns
scored and weighted as before, the "chance" profile would be as follows:

Response  Pattern « Trial Means
Pattern Weight Trial 1 -Trial 2 Trial 3
112 3 2.625 2.750 3.125
122 3
222 2
111 2 I1lustrative Computation: Trial 1
212 2 l »
(1+1)3 + (2+1+2)2 + (1+2+2)1 = 21
121 1
211 1 21 / 8 = 2.625
221 1

Table A-5 summarizes the result of a set of "D" computations for
Items a through h and for the above "chance" profile.

The D2 and D measures shown in Table A-5 were computed from the
formula given previously. For example, the D2 value for Item a was
computed as follows before rounding: ‘

D2 = (2.875-2.75)2 + (3.625-2.9375)2 + (4.75-3.625)2 = 1.7539062 = 1.754

The D-statistic is a convenient and easily calculated way to -
express similarity between multi-point profiles. Usually one or
another of two approaches is followed when using the D-statistic to
compare or contrast profiles. One approach, such as summarized..in
Table A-5, is to compuie a set of distances relative to a chosen
reference profile so that all distance measures are from a common
reference. This allows a ranking or other expression of similarity
between each profile and the reference profile.
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| Table A-5

/ .
DISTANCE (D) MEASURES FOR PROFILES OF ITEMS a THROUGH h AND FOR
A CHANCE PROFILE CONTRASTED TO AN IDEALIZED PROFTLE

‘ Distance Relative .
to Ideal Profile Simi- Better (+)

|

Weighted Means by Trial " larity or Worse (-) ‘L
" profile Trial 1 Trial 2 §ria1 3 D D . Rank  Than Chance -
Idealized 2.875 3.625 4.750 -- -- --
Chance 2.625 2.750 3.125 3.469 1.862 --
Item a 2.750 2.938 3.625 1.754 1.324 2nd
Item b 2.688 2.562 3.875 1.930 1.389 4th
Item c 2.438 2.875 3.312 ,2.826 1.679 7th
Item d 2.312  2.625 2.875 4.832 2.198 8th
Item e 2.875 2,875 3.312 2.629 1.621 6th
Item f 2.750 3.000 3.562 1.816 1.348 3rd

Item g 2.626 2.938 3.500 2.098 1.448 5th
Item h 2.938 3.062 3.875 1.086 1.042 1st

o+ +

—

Another approach is to compute the D-values between all pairs.
This matrix, of course, may include one or more arbitrary reference
profiles in add%tion to other profiles of-interest.. Had that approach
been followed.for Table A-5, a 10 x 10 matrix with 100 D-values would
. be displayed. (Only 45 different computations would have been needed,
for the diagonal of the matrix will display "0" and the distance from A
to B equals the distance from B to A; thus, (10 x 9)/2 = the number of

different values.) .

Inter-Iten Correlaticns Compared to Item Response Profiles

It also shouid be eaphasized that the D-statistic is not a
substitute for a correlation between individual values that have been
averaged to provide profile points. For example, tte profile points
for item responses are based on the mean of 16 responses at each of
three trials for eight different items. Correlations between item
responses will reflect variability due to individual differences among
persons responding. Thus, a pair of items may not correlate well with
one another but be essentially identical in their profile form based on
mean values that “wash out" individual differences among persons.

An example -- extrere to emphasize the poirt -- is provided by
Item a vs. Item f. The distance (D) between these two profiles was the
smallest of all the pairs of items, thus indicating great sinmilarity
between the two profiles based on trial mean scores. (Inter-iten
, profile differences (D-scores) ranged from a low of .088 between Items
’ aand f to a high of 1.258 between Items d and h; the smaller the
D--score, the greater the similarity between profiles.) Note, however,
the crosstabuiations of responses by the 16 imaginary test-takers to
these two items, as shown in Table A-6 below.
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Table A%G \

|

4

\

FREQUENCY CROSS-TABULATIONS OF WEIGHTED SCORE l

, RESPONSES TO ITEM a AND ITEM f FOR EACH TRIAL  «

t
|

Trial 1 Trial' 2 \ Trial 3
Item f Scores Item f Scores | Item f Scores
Ttem a : b \
Scores 1 23 & Sm 1234056 Sumil 23456 Sum
6 NA* 11 2 31 1 1 6
5 NA* 1 0o 0
4 2 2 4 2 v 3 2 2 4
3 1311 6 22 a 0
2 2 11 ¢4 1 1 2 4 ‘ 0

—
l_a
'_a
N
N
—
W
N
N
[aM]
o

Sum 3 3:55 16 27 2203 16 510505 16

‘\
f ‘ |

Statistic E
Correlation 7D™ Based on

Trial Item Mean Std. Dev. (a vs. f) Wria] Means
1 a 2750  0.9683 !
, / £ 2.7500  1.0087 1185 - |
2 a 29375  1.5194
f3.0000  1.6583 -.1736 |
3 '3.6250  2.1759 1

-~

3.5625 2.0300 -.2069 '.0884

*NA = Not applicable; 4 = maximum possible score on Trial ul
~




The correlations between items by trial are low; for Trials 2 and
3, they also are negative in direction, thus indicating a weak tendency
for a high score on one item to be associated with a 1ow score on the
other item. Simple visual-examination of the cross~tabulations, even
without confirmation from the correlation coefficients as descriptive
statistics, affirms that the responses to Item @ are not associated
strongly with responses to Item f. The distance (D) statistic, how-
ever, shows that the the item profiles are very similar.

The correlation coefficients and the D-statistic are complementary
rather than contradictory. The correlations indicate that the two
items are not homogeneous if thought of as companion items in the same
test. Presumably, the items are measuring different things and thus
would not be combined intentionally. The D-statistic shows that both
jtems conform approximately to a desired item overating form -- that
is, that item performance improves with instruction. On that standard,
they both may be “good" items but scores from that pair should not be
added together.

Finally, the cross-tabulations in Table A-6 underscore the need
for repeating a reminder -- the number of imaginary test-takers was
made small (16) to simplify the presentationpf examples of useful
evaluation analyses. Ideally, the number of persons involved in empiri-
cal trials to evaluate test items would be substantially larger than
16. A generally accepted guideline is that the number of cases
{(persons) should be at least vive times the number of items being
evaluated to reduce sampling error. The examples, therefore, should
not be taken as models of appropriate sample sizes.

Extending the Evaluation Method to More than Three Trials

Several trials provide better, more dependable, indicators of
performance than do only a few trials, just as a test with many items
is a more reliable indigator of ability than a test with only a few
items. The foregoing #Alustration of ways to evaiuate candidate test
jtems with three empirical trials of actual students during a period of
instruction can be extended readily to four or more trials. In most
practical training situations, more than five triais would be diffi-
cult, if not impossible, to arrange. The following paragraphs extend
the logic of a three-trial saquence to ones of four trials and five
trials.

If four trial administrations of candidate test items can be
scheduled at approximately equally spaced time intervals, the number of
possible response patterns will be double the number that were possible
for three trials. (Since the scoring of performance is binary -- F or
P -- the rule is 20 where n denotes the number of trials or oppor-
tunities. Thus, 23 = 8, 24 = 16, 25 = 22, and so on.)

)
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Weights. for Response Patterns from Foir Trials and Five Trials

Table A-7 shows the 16 possible response patterns in a four-trial
sequence, arranged according to the judged quality of the pattern for
criterion-referenced measurement. Table A-8 shows the 32 possible
atterns and quaiity ratings for a five-trial sequence.

As was the case with the three-trial response patterns shown ear-
iier in Table A-1, the ratings in both Tables 10 and 11 are judgmental.
Finer-grained scales certainly could be used, and some might judge the
ordinal position of some response patterns to require ‘adjustment. The
weighted means for chance responses by trial provide logical validation
of the weights, however. As can be seen, a graphic plet of the chance
means Tor both the four-trial and five-trial sequences would reveéal
curves of the desired consistent improvement form.

. A summary of response data obtained from four empirical trials may
be arranged in the same mannér as shown -earlier in Table A-2. For

example:
| Response pattern Frequency by Item _
i Pattern  MWeight Tlema Itemb Itemc ltemd Itemd . .. .. .
| M2 5
| 1122 5
| 1222 5
| 2222 4
‘22]] ] . . . LI ) .
Total

Weighted Trial 1
Means for Trial 2
Items by Trial 3
Trial Trial 4 .

The data summary layout for a five-trial sequence would be similar
except for an increase in possible response patterns to 32 and a
different set of weights.

Weighted means by trial for each item may be computed as described
earlier for hypothetical data in Table A-2. When computed, these
values define profile points from which item characteristic curves may .
be plotted or otherwise compared.:




Table A-7

ITEM RESPONSE PATTERNS AGCORDING TO DESIRED
' - CHARACTERISTICS FOR A FOUR-TRIAL SEQUENCE

Response Pattern Qualitative Quantitative
Trial 1 1rial 2 Irial 3 Trial & Rating Rating :

1 1 1. 2 Very good

1 1 2 2 Very -good

1 2 2 2 Very good ,

2 2 2 2 Good

1 1 1 1 Good

2 1 2 2 Good

1 2 1 2 Fair

2 2 1 2 Fair

1 1 2 1 -Fair

2 1 2 1 Poor

1 2 2 1 Poor

2 2 2 1 Poor

2 1 1 2 Yery poor

2 1 1 1 Very poor

1. 2 1 1 Yery poor

2 o2 1 1 Yery poor

<

Weighted Means for

Trial Chance Patterns -
1 4,0000
2 4.187%
3 4.5625
4 4,7500

Note: 1 = Féi], 2 = Pass.
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Recap of Main Steps in the Method

, To review briefly, three analyses in the following order are
appropriate in evaiuating candidate test items over repeated trials:

1. Correlational andlyses to estimate homogeneity among items,
first considering the items as a whole set and then as
selected subsets.

’ 2. Reliability estimates to affirm homogeneity among items and
.to estimate the number of additional items needed to satisfy
desired reliability standards.

3. Item characteristic analysis to assure that items adhere to
the desired monotonic or "consistent improvement" form.

Each of these analyses was described and illustrated in inhe
example of the three-trial evaluation. Appendix B contains further
detail regarding correlational analyses and procedures for estimating

0 effects of changes in test length.

The to:al number of cases needed for acceptably dependable
estimates of item characteristics depends on both practical limitations
and how one defines "acceptably dependable." If only a few students
are available for the trials of candidate test items, then one has no
recourse but to rationalize "acceptably dependable” as whatever one can
obtain with the small number of available students. If the number of
) available students s not.so small, then a randomly drawn sample of 30
- or so students should yield fairly stable estimates of item
characteristics.

A reminder -- the scheduling of item trials should be defined by
clock time rather than by student p:rogress through a self-paced
instructional unit. The primary purpose at this stage of development
is to evaluate items so that “"good" tests can be constructed for
evaluating student progress with later groups of students. By
scheduling item trials to occur at approximately equally spaced time
intervals prior to, durirg, and shortly after instruction is completed
for most students, variability in student performance is guaranteed.




Appendix B

EYALUATING CANDIDATE TEST ITEMS AND DEVELOPING TESTS 1
THROUGH TRIALS WITH CROSS-SECTIONAL SAMPLES
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EVALUATING CANDIDATE TEST ITEMS AND DEVELOPING TESTS
’ THROUGH TRIALS WITH CROSS-SECTIONAL SAMPLES

o Introduction

This appendix describes an approach for evaluating candidate test
items with samples of persons representing the range of competence or
proficiency in the performance area to which the items apply. The ;
approach may be used when it is not feasible to evaluate test items
through multiple trials during actual instruction, as described in
Appendix A. Thus, the approach can be viewed as a complement to the
multiple-trial approach or as an alternative to that appigagb when
mul tiple trials during actual instruction are not possible.

)

This appendix also-contains discussion of problems of test reli-

- ability, concepts of test validity, and the relation of empirical va-
lidity to reliability. Certain statistical procedures appropriate to
those issues also are illustrated. These portions of Appendix 3 may be
applicable to the multiple-trial approach to evaluating test items as
described in Appendix A. 4

')

Format for Recording Response Data

Table B-1 illustrates a layout for urganizing data from trials of
candidate jtems with a cross-sectional s:mp]e or samples of persons
like those for whom the items are intende”  The table is arranged to
show actual responses from persons in the ple tested. Since no
weighting of responses is necessary with the cross-sectional sample
approach (and hence no need to multiply a response code by a weight),
it is. computationally more convenient to use ". ' to denote a correct
response and "0" to denote an incorrect one. Wits tne<'1" and "0"
response coding, the mean score “or an item is the propovt1on of
correct responses.

A11 data in this example are hypothe:ical.

Sample Sizes for Persons and Items

. No hard-and-fast rules govern the minimum number of candidate -
items to be subjected to trial or the minimum number of perscns on whom
the jtems should be tried. Two generally accepted rules, however, are
that first, the pool of"candidate items should contain at least twice
the number one wishes to retain for final use, and second, the number
-of persons should be about five t1mes as large as the number of items
to be tried. - > .

° -
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Table B-1 .
ILLUSTRATIVE LAYOUT FOR RECORDING AND SUMMARIZING RESPONSE DATA FROM
TRIALS OF CANDIDATE TEST ITEMS WITH A STRATIFIED SAMPLE
Item 1 Itém 2 ... Item n
Proficiency Student Tst Znd Ist nd Ist 2nd
Stratum 1D Admin. Admin. Admin. Admin. . . . Admin. Admin.
High 101 0 1 1 0 1 1
. 102 0 1 1 1 1 0
Sub-Total Correct - - - - - -
Moderate 201 1 1 1 0 0- 0
T 202 o - 0 0 1 -——-—7% 0
Sub-total Correct - - - 5 : - -
Low 301 0 0 1 0 _ 0 1
302 1 0- 0 0 1 0

Sub-total Cor rec't

TotaT”Correct




The practical value of the first rule is obvious; some c;hdidate a
items will not perform wéll regardiess of effort in initial design and
it is more efficient to discard poar items than to have to design new
ones and arrange more'trials. In Table B-1, Item n is the last item in

2 pool of sizé n. -Thus, if the geal is a 10-item Test, n should equal
20 or more. .

The basis for the guideline about the total number of persons %n
the sample may be"less obvious.- Simply put, the rule of "% times
items" provides some protection against taking advantage of chance
(i.e., capitalizing on sampling errors) during item analysis. Some ‘
authorities consider five to be too small a ratio and argue for the
ratio of casés to items to be 10:1 or more (see reference 14). The
possibility of faulty inference is always present with sample data, but
’ ’ *in the énd, decisions invalve balancing what is feasible against the

‘ risks one is willing to take. Tests constructed from item analyses
based on small.samples are subject to much more fluctuation in their
behavior from time to time than are tests constructed from item
analyses based on large samples.

Number of Bata Collection Points

The layout shown in Table B-1 is for a test-retest design. Such a

o design has some advantages over a single test administration design.
Some oﬂ the advantages are (a) averaging two responses to get a better
estimate of "true" performence, (b) correlating first and second
administrations to provide an additional index of measurement reli-
ability, and (c) holding out a random half of both first and second
administration data to verify results from the other random half. Such
advantages aside, it is not essential that test item trials involve a

» test-retest design. The layout of Table B-1 is equally appropriate to

.. once-on]y measurement. N

Fi£a1Ty, Table B-1 implies that all\data are obtained at the same
time. It is not essential that this be so -- data may be accumulated
over time and compiled periodically for analyses. It is important that
the conditions -for testing be as nearly alike as possible from one
adminisgration to another which argues against a lengthy period of data
. collection. It is entirely reasonable, however, to build up sufficient
L, B numbers |of .appropriately selected cases from several independently
B . conducted test administrations. ‘

Syfimary Item Response Data for Procedural Exanple

() » ' ’
. |To 'provide data’for an extended example and discussion of proce-
dure fqr evaluating criterion-referenced test items through 'the use of
cross-sectional samples, a set of hypothetical data was constructed for
eight candidate items and 50 test Subjects. Table 'B-2 shows a, summary
of the resulting frequency distributions by item (1-8), response (0 or
- 1), and proficiency stratum (low, moderate, high). (The original 8 x

50 table with random entries of 10 or 1 is not shown, but it was organ-

———- jzed in-a fogmat similar to.Table B-1). '

.
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Table B-2 . T :

FREQUENCY DISTRIBUTION OF RESPONSES TO EIGHT CANDIDATE
TEST ITEMS BY 50 PERSONS ACCORDING TG ESTIMATED
PROFICIENCY IN UNDERLYING ATTRIBUTE

i Response vs. )
) S ] Proficiency ' -
Candidate Proficiency|Stratum Total (Product_moment
Item Response* Tow Woderate High No. Prop. correlation)
\ . S
1 1 6 6 14 26 .52 ‘ -
.+ 0 12 10 2 24 .48 :
1 /Total 18 T6 6 50 T.00 4394
W ! .
2 0 6 8 10 24 .48 .
i 0 12 8 6 26 .52 - N
¥ Total 18 T6 6 5 T.00 L2001 : :
3 1 8 12 12 32 .64 : !
0 10 4 4 18 .36 ‘ '
Total 18 T6 16 50 T.00 2671
, )
4 1 10 8 12 30 .60 -
0 8 8 4 20 .40 !
Total 18 16 T6 50- T.00 .1586
5 ! 6 6 . 12 24 .48 -
0 12 10 4 26 b2 . 4
Total 18 16 \[) 50 T.00 .3383 .
6 1 0 12 8 20 .40
0: 18 . 4 8 30 .60
Total B Te T6 50 T.00. .4362 ; >
7 1 0 8 8 26 .52 -
0 8 8 8 24 .48 . Tt
Tota¥ 1 T6 16 50 T.00 T -.0467 -
8 1 2 - 6 8 16 .32
0 16 10 8 3¢ .68
Total 18 16 T6 -" 50 T.00 . 3456 R
1 = corect response, 0 = incorrect response. ‘ ‘
k ] .
~ \.
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by Proficiency Ttem Item Item Item Item Item Ttem Item Idealized
___Strata 1 2 3 4 5 6 _7 8 Profile
High .875 .625 .750 .750 .750 .500 .500 -.'500 "~ .875
Moderate .375 .500 .750 .500 .375 .750 .500 .375 .500

" Low .333 .333 .444 .556 .333 .000 .556 .111 = .125

Visual inspection of the response frequency distributions for each ) :
item by proficiency stratum is sufficient to indicate that responses to
most items are a function of proficiency level. (This result was guar-
anteed by the sampling rules followed in generating the data.) The .
only exception to the generalization is Item 7 which shows an essen-
tially "flat" distribution.

The right-hand column-of Table B-2.is an aid to visual inspection.
The values shown in that column are the product-moment correlations for
each 2 x 3 cross-tabulation of response (scored 0 or 1) by proficienc
stratum (scored 0, 1, or 2). As the coefficients indicate, the respbpsc
pattern for Item 7 is clearly unrélated to proficiency and the pattern F
for Item 4 reflects only a weak relationship. .

Given only the data shown in Table B-2, one could be tempted to
celebrate a modest victory in test item design -- at least six of eight
candidate items show response patterns that support the assumption of
relationship between test item performance and proficiency.

- . Y

>
+ .

Response Profiles for Candidate Items ~

Table B-3 converts the frequencies shown in Table B-2 to propor-
tions of people in each stratum who responded correctly. To make the
illustration more comparable to Appendix A, a distance (D) s*atistic
-also is shown as an index of similarity between each profile and an
arbitrarily defined “ideal" response profile. (See Table A-5 and
accompanying text in Appendix A for an example and discussion of the
D-statistic.)

Table B-3

RESPONSE PROFILES FOR EIGHT CANDIDATE TEST ITEMS AND "D" MEASURES
* FOR EACH PROFILE COMPARED TO AN IDEALIZED PROFILE

Profile Points . = Proportion of Correct Responses

Mean Proportion
Correct for
Item .520 .480 .640 .600 .480 .400 .520 .320 .500

Distance (D)
Relative to ‘
Ideal Profile .243 .325 .424 -.448 -.273 .468 .571 .396
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The correlation coefficients shown in Table B-2 and the D-statis-
tics shown in Table B-3 are related but imperfectly so. (Recall that
the higher the correlation, the stronger the relationship whereas’the
smaller the D-statistic, the greater the profile similarity.) -When.the.
two sets of indices are compared to one snother, the largest discre-
pancy in rank-preference is for Item 6. Item 6 discriminates very well
at the lower end of the proficiency scale but not 50 well at the upper
end, thus yielding a poor correspondence to the idealized profile.

Even with &hat_discrepancy, which could be anticipated from the unusual
respunse pattern tor Item 6, the two summary statistics -- the corre-
lations and the D-statistics -- tend to reinforce one another.

Combining Items to Construct a Test ?

- The problems inherent in attempting to measure human performance
argue for redundancy in measurement; several indices, considered
together, are more likely to provide a dependable estimate of “true"
performance than is a single index. For:this reason, measurement
through testing usually means combining several individual items, each
of which contributes to an additive total test score. Items may be
weighted equally or differentially, but all tests assume that item
scores will sum to a total test score.

Table B-4 shows how well the eight candidate items, considered as
an eight-item test, were related to the indepéndently defined scale of
"proficiency" that the test items purport to measure. As can be seen
in Table B-4, the sums of item scores do correlate quite well with the
proficiency scale. This relationship can be seen in the frequency
distributiony. the differences in mean scores by proficiency stratum,
and the correlation coefficientathat expresses the relationship -between
the two scales. .

-

Part-Whole Corre1ati5ns to Estimate Item Homogeneity

Given the evidence from Tables B-2, B~3, and B-4, one is tempted
to conclude that the eight items can be gombined into a single test.
Such a conclusion, however, would be premature. "Before combining
subsets of items and calling the combination a test of some attribute,
the homogeneity of the items in the’.combination must be examined.
Unless the items that make up a test correlate positively with one
another, the items as a group are not homogeneous. -

If a test is not homogeneous, then more than one attribute is
being measured. When item scores are summed to create a test score, it
is assumed that each item adds something to the others. Unless items
share a common attribute or factor, it make no sense to sum the item
scores. The resulting sum would not have a meaningful interpretation.
Criterion-referenced measurement absolutely requires that an obtained
score can be interpreted with reference to a standard of mastery.




Table B-4 >

COMBINED DISTRIBUTION OF TOTAL NUMBER OF CORRECT RESPONSES TO
EIGHT CANDIDATE TEST ITEMS'BY 50 PERSONS ACCORDING TO THEIR
ESTIMATED PROFICIENCY IN THE UNDERLYING ATTRIBUTE

T

Total Number of ‘
. Items Answered Proficiency Stratum

-Correctly Low Moderate High - Total
8 - - - R
) ) ) AN »
S S
5 ~ 6 8 - 14
4 4 6 2 12
3 8 4 - 12
2 . 4 - - ‘4
a1 - - - 0o -
0 2 i — 2
Total g 16 16 50
Mean Correct 2.667 4.125 5.250  3.960

Std. Deviation 1.155 0.781 0.£51 1.399

Note: Correlation between proficiency stratum
(scored 0, 1, 2) and number correct = .7621.

With a Tarde pool- of candidate items and many test subjects, an
economical approach to estimating. homogeneity is to calciilate the
correlation of each item to total score. Items that correlate most
highly with total scores are the "best". items -- they share more of the
variance attributable to the common factor among the items and they add
more to the reliability of the test. Thus, with a large pool of itenms,
a simple -procedure is to rank items from high to low according to the
magnitude of their part-whole correlation coefficients and select items
in blocks from the top down until reliability objectives have been
met. Given reasonable homogeneity in the-set, the number of items

<
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needed will depend largely on the reliability one wishes.for-the test.
(How to estimate reliability will be discussed shortly.)

The exampl€ used in this report is limited to eight items ana 50
cases -- scarcely a "large pool of candidate iteins and many test
subjects." Because the number of items is small, the correlation
between an item and total score i1l be inflated since each item also
is part of the total and therefore is being correlated with itself as
well as with all other items. To correct for this, each item is corre-
lated with the :sst score from the other items.

Table B-5 shows the results of such a procedure for the eight
candidate items. Adjusted part-whole correlations are shown as the
bottom row of the table. A1l the correlations are low. Most signifi-
cant, however, is the fact that five of the eig%&hioefficients are
negative. Obviously, the set of eight items is naf a homogeneous one.*

If the adjusted part-whole correlations shown in Table B-5 were
taken.as the only index of homogeneity, then Items 5, 4, and 2 would be
selected as a relatively homogeneous set, and the remaining items would
be discarded. Three items are not likely to make a reliable test,
however, so the only recourse would be to develop.new items against the
model of the few that appear todefine a homogeneous set and repeat the
trials of test items with a new set of candidates. (Recall the rule
that the pool of candidate items should contain at least twice the
number desired for the final test.)

Item Intercorrelations to Estimate Item Homogeneity

P
.

. ] . v
The illustrative set of eight candidate items is small enough to
‘permit an easy example of a more refined approach to the search for
homogeneous sets of items. The part-whol: correlafion approach is &
substitute for examining the patterns of intercorrelations among items.
With only eight items in the set, the matrix of intercorrelations is
small (i.e., (8x7)/2 = 28) and examining the patterns is informative.

o

L}

* .
The original item score matrix on which the illustration is based --
50 cases by eight items -- was constructed by drawing odd numbers
(odd. = 1) and even numbers (even = 0) from a random number table.
Sampling ratigs differed 'slightly by proficierncy stratum to assure an
overall pattern similar to that shown in Table B-4. No effort was
-made tvo assure intercorrelations among items. Considering the.manner
in which the score matrix was generated, therefore, it is not sur-
prising that the adjusted part-whole correlations center near zero.

o
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! Table B-5

=

ITEM vs. TOTAL RESPONSE DISTRIBUTIONS BY 50 PERSONS ON
EIGHT CANDIDATE TEST ITEMS

. Frequency b} Response to Item ﬁ%%ording to Total Score*
8-Item Total 1 2 3~ .4 5 6 7 8 '
Score - Freq.” 01 01 01 01 01 01 01 0271
.1

. 0 C e e e e e e e e e e e -
7 0 - e e e e e e e e e e e e e o .
6 6 -6 24 24 24 -6 24 -6 42
5 14 86 410 410 —1:?1 68 86 68 6 8
4 12 48 66 210 66 66 66 8 4 10 2
3 12 84 84 66 84 84 84 66 B 4
2 4 - 22 4 - 22 22 4 - 4 - 22 4 - .
. 1 0 e
0 e 2-2-3%-2.2-2.-3-2>

Total “24 26 26 24 18 32 20 30 26 24. 3020 24 26 3416
-~ M . . . N
Mean Percent Total e '
Items Correct 44 55 42 57.43 53 40 56 41 58 45 56 44 55 4o 50

Percent
Passing Item 52 48 64 60 48 40 52 32

- " Correlation:
Item vs. Sum of o ’
Remaining Items -.043 .078 -.069 .104 .145 -.037 -.043 -.0N

*
1 = correct response, 0 = incorrect response. "

. »
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. Table B-6 shows the intercorrelations between all pairs of the
' eight items. The column and row headings in the gmatrix are arranged to
. highlight the presence of three clusters of items:

1. Onecluster of fairly homogeneous items is composed of Items
2, 4, 5,’and 7. The adjusted part-whole correlations shown

~ : earlier in Table B-5 identified .nly Items 2, 4,.and 5 as

Voo apparently homogeneous. Itefn 7 belongs with this set statis-
tically for it correlates positively with each of Items 2, 4,
and 5 and correlates negatively with all the remaining items.
(Item 7 might be rejected on other grounds, however. Recall
from Table B-2 that it did not discriminate by proficiency

. strata.) ~ <

2. LA fairly strong two-item cluster consists of Items 1 and 3
(the bottom right corner of the matrix in Table B-6). Item 3
correlates positively only with Item 1, and Item 1 correlates
more strongly with Item 3 than with any other item. :

3.° A third two-item cluster composed of Items 6 and 8 is out-
lined in the center.of Table B-6. This is a weaker cluster
- thap the other two, but a legitimate one nevertheless.

’ w1 Table B-6
CORRELATIONS AMONG EIGHT CANDIDATE TEST ITEMS . "
Candidate Test Items
Items 4 5 c 2 7 8¢ 6 3 1
LS

4 -- a%gr 131 196!/ 035 -167  -102 -131°
. 5 294 -- 199 122| -144 033 -113 -038
2. 131 199 -- 1221 -144 033 -113 | -038
’ "7 196 122 122 -- -028 -196 -053 -282
8 035 -144 -144 028 | -~ 140 -021 -028

6 -167 033 033 -196 | 140 . -- -068 131
3 -102 -113 -N3 -053 -021 -068 | -- 280

. 1 -131 -038 -038 -282 -028 13 280  --

Décimals omitted from coefficients.

Note:

——

1)
2) Product-moment correlation coefficients computed from
i+ formula for the fourfuld point or phi coefficient.

S . | ” 12




;  lable B-5 demonstrated that the eight candidate items were not

ogeneous.' Although performance on the items (with the apparent
exception of Item 7) correlated positiyely with the global quality of
"proficiency" (see Table B-2), this global quality is not well defined
by a single set of measures. : v

Having discovered that the eight items as a set were ﬁ%t thBJ

geneous, the intercorrelations among itéms shown in Table B-6 he]ped

. identify th;;e fairly homogeneous subsets of items. These three sub-
sets can noW be looked at more closely to help guide further test
development. One serious problem in criterion-refeienced measurement
now can be avoided -- that of defining the mastery criterion for a -
segment of instruction as some fraction of a set of test items without
first establishing that the set of test items is homogeneous.

, ©“
Y

Determining Te$t Reliability from [tem Yomogenei ty

Frequent reference. has been made in the text to the notion of
measurement reliability. Reliability means that the ineasurements are
repeatable within a tolerable range of fluctuation. If two appro- v
priately sized ‘samples of people, drawn randomly from the same popula-¢
tion, were to take the same test under similar conditions, the results
will be very similar if the test is reliable. v

Three basic approaches are available for estimating the reliabil-
ity of tests: : . . .

. A test-retest procedure in‘which results at one tifie are

<o correlated with results at another to provide 6,7 efficient
of stability. T ' ‘

2. <A parallel-form procedure in which two closely comparable
versions of a test are administered at a common time and
correlated with one another to provide a coefficient of

0 equivalence. :

3. An internal-consistency procedure which provides a good
approximation of the parallel or equivalent form procedure
. and also yields a coefficient of equivalence.

It can be shown thé% the reliability of a sample .of test items is
determined by the number of items and the average correlation among
items. Without attempting to prove this assertion, the following
equations can be used to. estimate the reliability of a test of any
Gength based on the internal structure of the test., Equation (1) is
referred to as "coefficient alpha" and is the more yeneral form.
Equation (2) is a special case of Equation (1) for tests composed
entirely of dichotomous items; Equation (2) is referred to as "KR-20"

(for Kuder-Richardson Formula 20).
Iy ¥
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reliability of test of k items

Definitions: ek

) W = number df\}tems ‘ 1 | v
siz = variance of item i ﬁ ' .
sy2 = variance of seo?es-on the total test
' pi’= proportion passing (scoring "1¢') en Item i .

q; =-1 - p; (proportion not passing)

% = sigma, standing for the operation "the sum of."
Precise notation would be .

™M=

i=] .
meaning “the sum of k values beginning with i=1 i,
and end1ng\w1th i=k.™

-~

- Applying either equation to test ddta is easy, especially for
tests that are. scored dichotomously (e.g., pass = 1, not pass = 0) so
sthat Equation (2) applies. References 10 or 14 show the computation
of total score variance. The procedure also is illustrated below with
an example from the.eight candidate items used. in the 111ustrat1on
preceding this pcint.

-«

* Table B~6 -- the matrix of item correletions -- indicated three
clusters of relatively homogeneous items. From the full set of item -
scores by person (for brevity, not included in this report but sum- ) :
marized as Table B- 2), the f0110w1ng frequency distribution can be :
tabulated to show total scores for 50 persons on.a test composed of the
largest cluster, Items 2; 4, 5, and 7:

1u4 .
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Total Score Frearency * )
(X) v (f) Xxf X xf
-/
. 4 .8 VE AR
’ 3 10 . 30 90
_ 2 16, , 32 64
] 10( 10 10
0 5. R _lq
Total " 50 104 292
Mean = T04/50 = 2.08 = 52%
) . E N
Variance = (292/50) - (104/50)% = 1.5136
¢

Tﬁe proportion passing and not passing Items 2, 4, 5, and 7 can be
read directly from Table B~2. Thus,” Tpq = (.48 x .52) + (.60 .40)
+ (.48 x .52) + (.52°x .48) = 0.9888. .

Values can now be substituted in Eéﬁation (2) to estimate the
reliability of a four-item test composed of Items 2, 4, 5,.and 7:

Ty = 30 - (.9888/1.%;§§2] = (4/3)(1 - .6533) = .4623 .
&

"Table B-7 shows the resul&¢,6Ff similar cémputations for three
subsets of the.eight candidate tiﬁt items and for the entire set.
\

Table B-7 illustrates rather dramagqcaIIy how reliability can be

- ingreased by grouping items into more ar less homogeneous sets.

Considered as a whole, the eight candidate test items are a catchall
collection; the overall reliability coefficient of .0187 affirms their
heterogeneity. . ' .

-

Lest there be an} doubt that the eight candidate items should be

.separated into separate clusters, consider thé correlations between

scores on itein.clusters in the following summary:
J

Clusters
Composed of Clusters Composed of Items &
Items 2, 4, 5,7 1, 3 6, 8
2, 4,5, 7 - -.2207  .-,1548
1,3 -.2207 -- .0085
6, 8 -.1549 .0085 --
102 ’

) : 1V5

s &

-3




»3 : . . ' .7 . ‘ . -\‘ -' .
, . Q » L
J * b
. . 7 Table B-7"
REL IABILITY ESTIMATES FOR THREE SUBSETS AND THE WHOLE SET OF
e - EIGHT CANDIDATE TEST ITEMS ’ o
- X rs -
Response Fregquency Distributions
. 1ltems AT1 Ttems
. Total Score .2, 4, 5, 7 Items]1, 3 Items 6, 8 (1-8)
8 ’ - - - : -
-, 7 _ ) - _
6 7 - - - 6
5 - .- .- 14
4 8 ° - - 12
3 10 - - 12,
2 16 20 8 4
T N . 10 18 20 -
0o 5 12 2 2.
[ 4 .
Total _ 50 50 . ) 50 50
Hean . 2.08 1.16 0.72 - . 3.96
N Lo (52) _  (58%) 7" (36%) (49.5%)
" ‘ e ‘-),
-Variance ’ 1.5136 0.6144 0.5216 1.9584
. 22pg 0.9888 0.4800 0.4576 1.9264

. If a‘similarly heterogendous batch of items were used as a crite-
rion test for a segment of instruction to which some general rule was
applied such as "X% correct defines acceptable mastery," diagnostic
interpretation of the total score would be impossible. For a total
score of a test to make sense, the items that comprise that test must
bg reasonably homogengous. , If the jtems are reasonably homogeneous,
arid there also are enough items, then the measure defined by number or

percent correct also will be acceptably reliable.

. Reljability does not guarantee validity, but reliability is a
necessary conditioq for validity.

Test Validity and Its Re]ation.td Reljability .
The preceding analyses, applied to provide concrete examples of
ways to evaluate and refine test items and to construct tests, have
shown that homogeneity,among items results in more reliable measures.
., The analyses also have demonstrated an approach for sorting a collec-

tion of heterogenous items into more homogeneous subsets. Because

. . ", _i??G ‘ - .
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these analySes were performed on a limited "amount of data, the apparent
resylt is-three very brief "tests" -- one with four items and two with-
two items each -« thdt are made up of relatively homogeneous items but
- are. much too short as they. stand to provide acceptably reljable —\\\/
. ° measurement. Before examining ways to decide "how much longet the tests™
. should be, it is instructive to consider the relationship between
retiability and validity of°measurement since, in the end, validity of
measurement is the ultimate concern. T .
o . In_the most general sense, a measuring ‘instrument is valid to the
©extent that it does what it is intended to do. Validity is absolutely

aa-@=v" specific .to purpose and apg]ication: The concept has meaning only with
rererence to the purpose of the measurement to whicir the concept .

. applies. :

Jypes of Validity

. S .
‘Convention recognizes three categories of validify: content 4
2+ validity, criterion-related Vqlidity, and construct validigy:

1. Contént validity requires that the behaviors demonstrated in >
testing be a representative sample of the behaviors that
define the objectives of a_program or-program element, such
as a unit or course of instruction. In the context of

. ' instruction, content validity often is called "curricular b
’ . validity." i ’
- v 2. Criterion-related validity expresses<the extent to which

scores on a measure relate empirically to scores on an L -
external criterion. For example, when scores on a.paper-and- -
pencil test about steps in a trouble shooting routine are
correlated with the time required or errors committed in
0 actually performing a specified trouble shooting routine, the -
correlation coefficient expresses the criterion-related :
validity of the paper-and-pencil test for that' routine. When
a test is given and external criterion rerformance also is ‘
measured at about the same time, the relationship between the
two measures is referred to as the test's concurrent valid- \
ity. When the criterion performance is more remote in time,
. such as "success on the job" in relation to "success in
. training" (as measured by an examination score or total time
to the instructional criterion), the relationshipsis called
predictive validity. .

3. Construct validity refers to the degree to which test scores
allow: inferences about underlying qualities or traits. For
example, claims of construct validity for.a test of "anxjety"

- Would require evidence that persons scoring in one direction
on the test were more Tikely to display both physiological
and psychological indicators of apprehensiveness than were

- persons scoring in the other direction on the test. Con-
struct validity usually is estimated from patterns .of

S ) - . . ' A J '-
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re1at1onsh1p, that is, scores on the measure in quest1on
should be related to other scores on theoretically relevant

> measures (convergent evidence) and also should not be related
to other scores on theoretically unrelated measures (d1scr1-
minant evidence).

Much more extended discussion of the concept of validity will be

found in references 2,3, 6, 10, and 14. s

In training directed toward developing knowledge, skills, and °
attitudes appropr1ate to effective performance on a job, the classes of
measurement va11d1ty of greatest interest and 1mportance are content
validity- and predictive. va11d1ty

1. Is the content of each test a full and fair representation .of
the substancé of instruction that the test purports to
measure? )
2. Does test perfonnanceafollow1ng a- segment of instruction
‘ effectively identify persons who are prepared to undertake
*  the next segment of 1nstruct1on7 . ©r

3. " Does the aggregate of performance on all tests throughout

instruction effectively identify people who will pe“fOﬂﬂ f
satisfactorily on the job toward .which the trainine is
N directed?

s ) -

‘Limits on Empirical Validity~

Although validity, in one or more forms, is the most critical
quality of a test, the limits to empirical validity (Such as concurrent
and prediciive ¥a11d1ty) are determined by the reliability of the mea- b
sures involved.” It can be shown that the upper limit of a correlation
coefficient between two variables is defined by:

rxy - rtt V r‘xx ryy

K Where: ‘rxy = correlation between variables x and y
rt£ = true relationship between x end y
~ re = reliability of predictor variable x
- ryy = reliability of criterion variable y

~

It follows from the preceding equation that the obtained cor-
relation between a predictor variable and 2 criterion variable -- the
predictiveé validity coefficient -- cannot exceed the square root of the {
Teast re11ab1e measure. Expressed in the form: :

v /! Ve, ro

XX yy
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the equation is called the “"correction for attenuation.' The practical <
ure of the equation is to help point the way toward improvement of
prediction.

@

Strategies for Increasing Test Reliability

~

Consider again“the example of *he eight candidate test items.
" When we abandoned the candidate items to discuss some basic notions
' about validity and its relationship to measurement reliability, the
following points had been established: ‘ ‘ ,
! . 1. The eight ‘items cowTd be buoken sinto three faigly homogeneous
" clusters.’

2. ' Each cluster was negatively related or unrelated\to the other
_ Clusters. . N

- 3. The reliabilities of the three clusters of items, when consi-

dered as tests, were low.

We now can ask and answer two practical questions:

14 . What can be done to increase the reliability of the three o
) brief tests (i.e., the three clusters of 1tems from the set
of .eight candidate items)?

N 2. How much effort should be invested in attempting to increase
C e » measurement reliability? - \
Table B-8 expands an earlier tabulation and sets the stage for a
answers to the above questions. Table B-8 shows six correlation coef-
ficients -- each item cluster with the overall “proficiency” classifi-
. cation and each item c]uster with the other clusters.

§‘ ' : . Table B-8

CORRELATIONS OF ITEM CLUSTERS WITH THE
PROFICIENCY- SCALE AND WITH EACH OTHER

Proficiency Cluster A  Cluster B Cluster C
Proficiency ' ' . °
, _ Categories - . .
\ (0, 1, 2) . -~ +2795 - .4436 5191 ‘

o _ Cluster A ,
o (Items 2, 4, 5, 7) . 2795 -- -.2207 - -.1549

Cluster B \

(Items 1, 3) .4436 -.2207 - .0085
Cluster C : ) )
(Items 6, 8) 5191 -.1549 .0085 --




~ q

The correlations shown in Table B-8 are derived directly from the
same set of hypothetical data summarized earlier in Table B-2. For
example, the two-way frequency tabulation for the correlation between
the proficiency classification and responses to Cluster B (items 1 and
3) is as follows: '

s Cluster B (Items 1, 3):
Proficiency Number of Items Correct

_Category 0 1._c Total
| High (2) 2 2 12 16
¢ Moderate (1) 2 10 4 16
Low (0} 8 6 4 18
2 18 20 50 r,, = .4436

Total - 1

The intercorrelations in Table B-8 allow the computation of first-
order and second-ordér partial correlaticns of interest, j.e., the
correlation between two-variables with the influence of one or both of
the remaining two "partialled out" or controlled. First-order and
second-order partial correlations are shown below in Table B-9.

Xy

&

The first-order partial correlations in the upper portion of Table

B-9 are the relationships between pairs of variables freed from the
influence of a third variable. For example, the partial correlation
between the proficiency scale and item Cluster A scores, freed from the
influence of Cluster B, is .4317. This coefficient, symboli zed

_TpA.B» May- be contrasted to the simple correlation of .2795 between
proficiency and Cluster A shown ear jer in Table B-8. The smaller .
simple correlation coefficient of .2795 reflects the negative relation-
ship between Clusters A and B and between Clusters A and C which influ-
ence the relationship of Cluster A to proficiency. These inter-cluster
relationships were shown earlier in Table B-8.

. The firét-order 55rtﬁa1‘gorre1ations supply the bases for comput-
ing the second-order partial correlations shown in the lower portion of
Table B-9. The second-order partial correlations: are relationshins
between each of the Clusters A, B, and C with theoproficiency scale
when the influence of the other two clusters has been removed. We will
take second-order partial correlations as the best available bases for
estimating "true" relationships of each cluster score (as a predictor
variable) to proficiency (as the criterion variable). A "true" rela- .
. tionship, in measurement theory, implies a hypothetical measuring
. ° instrument of infinite length and therefore of perfect reliability.
A We will use the coefficient of .6459, symbolized by rpa,BC, as an
estimate of the "true" relationship between the proficiency scale.and
CTuster A scores. '

R < i
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Table B-9

FIRST-ORDER AND SECOND-ORDER PARTIAL CORRELATIONS FOR.PERFORMANCE
CLASSIFICATION SCORES AND ITEM CLUSTER SCORES

Partial Vaniéb]es Variables
Ebrrelaticns Correlated Controlled "otation Coefficient
First-Order Proficiency v. Cluster B "PA.B 4317
. Cluster A . )
Proficiency v. Cluster C PA.C .4262
Cluster A : ) o
Proficiency v. . Cluster A . pB.A .5396
Cluster B ’
Proficiency v. Cluster C pB.C < .5139
_C]uster B :
Proficiengy- v. Cluster A pC.A .5929
Cluster C :
Proficiency v. Cluster B pC.B .575]
Cluster C :
~Cluster A v, Cluster C *AB.C -.2220
Cluster B
Cluster A v. Cluster B 'AC.B -.1569
* Cluster € : -
CTuster B v. Cluster A TRCA - /0267
Cluster C ' .
Second-Order Proficiercy v. Cluster B, pA.BC .6459
. Cluster A . Cluster C :
Proficiency v. Cluster A, "pB.AC .6899
Cluster B < Cluster C '
Proficiency v. Cluster g, oC.AB 7215 0

Cluster C Cluster

.,

Note: Proficiency categories scored as follows: High = 2, Moderate
=1, Low = 0. Cluster A composed of Items 2, 4, 5, 7; Cluster
B composed of Items 1, ; Cluster C composed of Items 6, 8.




, Setting Test Reliability Targets

_ The development of the example of steps in evaluating candidate
test items and constrmicting homogeneous tests has now reached the point
where a key te<t development strategy question can be asxed.and

¢ answered:
Q: G1ve rxys how-reliable would the cr1ter1on (y) and the
predictor (x) have to be in order to achieve the estimated
true relationship (rgg)?

; A:  Define var1ous realistic target values for the reliability of

T , the criterion measure (ty ). Substitute these values,

’ " along with estimates for an obtained correlation between
predictor and criterion (rxy) and for the true relationship
between predictor and criterion (ryt), in the equation for
correction for attenuation. Solve the equation for reli-
ability of the predictor measure (rgx)..

Table B-10 shows the results of such an exercise. The values
shown in the body of Table B-10 are reliabilities (ryx) of the
predictor tests made up of items such as those in Clusters A, B, and C
that wou]d satisfy the fo]]ow:ng form of the ' corract1on for attenu—
ation" equation: .

Pxx = / rtt (r yy ' L

Table B-10

ESTIMATED RELIABILITY STANDARDS (ryx) FOR TESTS COMPOSED OF
ITEMS LIKE.THOSE THAT DEFINE CLUSTERS A, B, AND C .

[

T
: vy yy
Cluster . "tt, "xy .80 .70 .80
i A .65 .28  .309 .265 .232
(Items : .
2,4,5,7) .43 .729  .625 .547 .
B .69 .44 678 .58  .508
(Items ‘
1, 3) .54  N.A* ' 875 .766
C .72 .52 .869 .745  .652
(Items
67 8) o J58  NJLAL*Y 927 811
X *N.A. - Not applicable; > 1.0. 112
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The values for r¢t in Table B-10 can be recognized as rounded
versions of the secona-order partial correlation coefficients from
Table B-9. The smaller values for rxy are rounded versions of simple
correlations between predictor and criterion from Table B-8. The
larger values for rxy are-rounded versions of average first-order
partial correlations” from Table B-9. These values for rxy are merely
rough guesses about what rxy might be as a, function of varying reli-
abilities. Values for ryy are assumed achievable target values for
the reliability of a criterion measure of proficiency.

Estimating Test Length Needed for Desired Reliability

Examination of Table B-10 suggests that predictor measur 2 reli-
ability (ryx) of .80 would exceed most of the values in the.table
while reughfy approximating the rest. With this decision, a second

 test development strategy question can be asked and answered:

. Q: How many items must there be in a hcmogeneous test of the
‘ attribute measured by 2ach cluster of candidate items for
such a lengthened test to have a reliability of .807? o

A:  Use the Spearman-Brown formula for the reliability of a
composite test having parallel components.

The general Spearman-Brown formula is usuatly expressed in the

foliowing form:

Kr'.l.l

R D ——— »
]. + (K-] )l"-l ]-

KK

where R = Reliability of the lengthened (or shortened) composite test

K = Multiple of the number of test items in the original test

to be lengthened (or shortened)

. T = Reliability of the original test to be lengthened (or
shortened)

In the above form, the formula i's a handy one for the question,
“What if we change the length of the test of n items with reliability
r11 by a factor of K (i.e., add or subtract i items so K = (n+i)/.,)?"
The formula may be rearranged to solve directly for K, however, if one
has an estimate of a target value for Rgx. In that form, the
Spearman’ Brown fcrmula becomes:

Solving the Spearman-Brown formula for K, using values from
previous computations or analyses for ry1 and Rkk, produces the

110
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findings shown in Table B-11. In the computations for Tablé B-11, the
4nput values for r come from the bottom row of Table B-7 where they
were identified as fgk computed from the Kuder-Richardson Formula 20
(KR-20). The input values for Rkk come from decisions following
examinztion of Table B-10 =- Rgy for all computations in Table B-11
equals .80, the target value decided upon. for reliability of the
predictor tests.” (In the notation of the equation for correction of
attenuation, the equivaient term was denoted as rxx) e

<

Table B-11

MINIMUM NUMBER OF HOMOGENEOUS ITEMS NEEDED IN LENGTHENED
. TESTS OF ATTRIBUTES MEASURED BY CLUSTERS A, B, AND C
FOR EACH TEST TO HAVE A RELIABILITY OF .80 OR MORE -

, Test Item Cldsters
’ A B ) C

¥

KR-20 reliadpility of original item set (r]]) .4623 .4375 .2454
Desired reliability of lengthened test (ry) .8000  .B00O .8000

Number of items in set to which ry, applies 4 2 . 2
Multiplier for number of items (K) 4.6524 5.1429 1212999
Total items needed in lengthened test 19 11 25

(K x no. original items, rounded upward)

Recap of Main Steps and Decisions in Test Development for Criterion-
Referenced Measurement : v

-

The test deve]opmeﬁt agenda is now clear. The implications of
analyses to this point may be summarized as follows:

1. The original set of eight candidate test items appeared to
differentiate reasonably well among levels of overall profi-
ciency to which the test was directed. The individual items

- were not equally strong in their ability to differentiate
among proficiency levels, as was shown in Table B-2. How-
ever, when item scores were summed to a total score, the
eight-item test looked reasonably good, as shown by Table
B-4. Such an evaluation is not warranted, however, until
homogeneity of the test items is examined. Without demon-
strating homogeneity among the items, the test must be
considered a catchall collection that cannot be useful for

differeptial diagnosis of proficiency.

2.  The first analysis of test item homogeneity was to correlate
each item score with the total score -- literally, to corre-
late each item with the sum of scores of all the remaining

s ' f«a nl1q
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items. This analysis was shown in Table B+5 and demonstrated
that the items were not homogeneous. Based only on the part
vs. whole analysis, only three of the original eight items
(items -2,-4, and 5) would be retained. If the pool of candi-
date test items had been substantially larger than eight, the

. ‘part vs. whole analysis would be an efficient way to screen

items since it involves only as many indices as there are
items..

A more sensitive analysis of homogeneity among items involves
correlating edch item with all others and examining the pat-
tern of intercorrelations for subsets of items that appear to
go together. This requires more computations -- (n2-n)/2,
where n = the number of items -- but the computations. are

simple when iteis sre scored as "pass” or "fail" (1 or 0) and -

pose no real burden if data are encoded for-computerized
computation. Intercorrelations among items were shown in
Table ‘B-6 arid revealed three,clusters of relatively homo-
geneous items: Cluster A (Items 2, 4, 5, 7), Cluster B
(Items 1, 3), and Cluster C (Items 6, 8).

The discovery of three fairly homogeneous clusters of items
.Challenged the assumption that "proficiency” is a unitary
quality. Correlations of cluster scores with one another and
with the proficjency score, as shown in Table B-8, suggest
that "proficiency” may be made up of three components or
factors. This impression was strengthened by the partial
Correlation analysis summarized in Table B-9. These analyses
suggested that three tests are needed rather than one, or a
test for each apparent component of proficiengy. )
Two important principles of measurement were asserted without
complete proof but can be proved: (a) measurement reliabil-
1ty is a joint~function of the homogeneity of items that
comprise the measure and the number of items in the measure,
and (b) the upper limit of empirical validity is bound by the
reliabilities of the measurés involved. The question of how
long a measure should be -- that is, how many items it should
include -- depends largely on the standards of reliability
ard the 1imits of predictive validity that one wishes to
achieve.
There are both practical and statistical limits to the pre-
vious assertion, of course. First, as the correction for
attenuation demonstrates, the upper bound of predictive
validity is a function of the reliabilities of measures of

both predictor and criterion and also of the "true" relation-

ship between them. Any "true" bivariate relationship, in
measurement of human performance, almost certainly will be
considerably less than 1.0 simply due to the number of
different factors that influence performance. For example,
. for want of a better basis for inference, a coefficient of

~—.
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.65 was posited as an estimate of the upper bound for a

"correlation between a test composed of items 1ike Cluster A

and an‘independent measure of the dimension of proficiency to &
. which such a test applied. , '

As shown in Table B-11, the Cluster A-type test must be A2
increased to at least 19 items if it is to reflect a
L reliability of .80. 'With a reliability of .80 for both
S predictor and criterion, one could anticipate a correlation
of about .52. <If the predictor test were increased to some
89 equally homogeneous items, a reliability of .95 would
result. That increase in reliability, purchased at the price e
of an additional 70 test items beyond 19, might increase the
obtained correlation between predictor and criterion from
about .52 to about .57. The practical gain would not be
worth the effort.

The test development ‘agenda, then, calls for two complementary
efforts: first, to construct additional items that are homogeneous
with those represented by item Clusters A, B, and C from the original
candidate items and second, to refine, and expand as necessary, inde-
‘\~‘\pendent measures of the criterion performance.

For internal validation of a training program, the overall crite-
rion may be Some weighted combination of several indicators, such as
“measured time to Subordinate criteria," “number of attempts to sub-
ordinate criteria," ratings by instructors of practical work, self-
ratings by trainees of confidence in their mastery of the training
content, and any other behavioral indicators. that are accépted as
differentieting among students.

P

For external validation of a training program, the criterion must
be some weighted combination of indicators of how well a graduate of
the training program performs on the “job, because training, in the end,
is effective only to the degree that it contributes to on-the-job
competence.

Development of predictor measures is more straightforward than
development of criterion measures, and is defined by the number of
jtems needed in the predictor tests (as shown in .able B-11). Develop-
ing additional items that are homogeneous with those on which the
analyses were based may prove difficult; in some areas, it may not be
possible to create enough new items to meet the quantitative goals and
also satisfy the requirement of homogeneity.

If either the quantitative requirement or the homogeneity requjre-
ment must be compromised, the quantitative yoal is less important than
the requirement for item homogeneity. Without homogeneity among the
items that comprise a measure of performance, simply sumiing the scores
to a total score will not make sense. Instead, homogeneous subsets
should be treated as subscores in a criterion profiie, -and criterion

"3
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o according to a summation across, items. For example, if a criterion
e : test were composed ot three subtests similar to®Clusters A, B, and C,
| the criterion performance might be defined as passing X% of items from
Subtest A and Y% of items from Subtest B and Z% of items from Subtest C.

| ?
| Without a.differentiated definition of the criterion performance
} ' in training for a lesson, segment, unit, or block of instruction,
" attempts ‘to devise differentiated treatments to best fit learner
} aptitudes is almost certainly doomed to failure or, at best, very
* 1irconsistent success., .




Appendix C '

REGRESSION ANALYSIS IN THE EVALUATION OF
INSTRUCTIONAL TREATMENTS
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. — . .
REGRESSION ANALYSIS IN THE' EVALUATION OF *
INSTRUCTIONAL TREATMENTS . )
Introduction - ' o ’ )

i
This report can only introduce some of the details that must be
\ considered in performing a multiple regression-analysis of data from an
. instructional treatment experiment designed to search for aptitude-by-
. treatmént interactions. In this appendix, three topics basic to such
an analysis are presented: .

1. An overview of the idea of regression analysis, beginning
with simple regression (twp variables) and extending by
analogy to multiple regression (thre® or more variables).

2. How to create variables by coding so that;inter-group
contrasts can be made from regression analyses.

3. How to represent aptitude-treatment interactions in a
multiple regression model. -

The ‘appendix closes with references tv packaged statistical
programs for computers and to other instructional sources for details 2
beyond the scope of this report. ' s .

Brief Overview of Regression Analysis

Understanding some basic ideas of regression analysis, if not the
how-to-do-it details, can begin with the equation for a straight line. .
A straight line can be defined as the connection between two points. ,
If these two points are places on a map drawn with perpendicular coor-
dinates -- north-south and east-west -- the line from P to Q can be
defined by the coordinates of one of the pRoints and the compass direc-
tion from that point to the other point. If this familiar idea is
sketched on paper, with a vertical axis (Y) and a’horizontal axis (X),
-« ,a picture like the solid-line portions of Figure C-1 might be drawn.

Now, instead of using Point P as part of the definition of the
straight 1ine connecting P and Q, that 1ine could be extended to cross
the Y axis, thus defining an intercept point on the Y axis. The slope
of the line (rate of change in the Y-direction relative to the rate of
. change in the X-direction) is analogous to :ompass direction. And
' - there we have it -~ the equation for a straight line:




Y

where: a
b

U

a + b¥X

intercept constant
slope

et ! e

If Y is related to X without error, then once we know X, we also . -
know Y. For example, Fahrenheit temperature is an exact straight-line’
function of temperature in Celsius, and this. relationship can be .
expressed in the form of a straight-line equation: ) .

F=232+1.8C

If thigline wére graphed, 32 would'define the intercept on the F-axis
and 148 would define the slope of the line (i.e., for every unit change

t

in C there is a 1.8 change in F).

\

\ R
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\
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FIGURE C-1 REGRESSION EdUAT!ON AS A STRAIGHT-LINE
DEFINED BY Y-AXIS INTERCEPT AND SLOPE
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..{(ﬁ regression équation"ano]Qing two variables (sdch as time to
e

criferion and criterion scoré) takes-the same form as the equation for
a strajght line. Thus: .  —= . ~ . . :
§ : N - -
. Y'-_‘-_-_a+§x . . v
' o : -
> where: Y = predicted Y: score for dependent variable .
: " ‘a = intercept constant -
3- = regression.coefficient or weight

score of an independent (predictor) variable

o L - ) L.
“ Y- {or Y') is called the dependent variable becalse it is assumed that
it varies "depending" on the value of X (the independent or predictor,
!griabIe). ” - . R

-

AN =

The lire defined by Y' = a + bX s that one which best fits*a set
of paired X and Y-values. The "best fit" is.defined by the.line that
minimizes thé sum of the squares of the differences between the values
of Y- and the values predicted by the regression equation. Thus, the
intgrce t constant (a) and the slope (b) are called "least squares”
estime es. '

~

» b] \‘
The idea of the least squares best fit line is illustrated in~
Figure C-2. .Figure C-Z is a graph or "scattergram" of 12 paired ‘'scores
of X and Y- values. (For example, X might be test scores at Tire 1 and
Y- might be test scores at Time 2 for a class of 12 trainees.) It is
evident to the eye 'that X ‘and Y- tend to vary together; in geheral,-a
‘Tow score on X means a low score'on Y-and a high score-on X means a "
high score on Y. The statistic that expresses the relationship between
X and Y-is called a correlation coefficient, conventionally symbolized
as r. In this case, r = .86.

' * Correlation coefficients can range in.absé]ute\va]u%pfrom .00 to*
1.00, or from no relationship to perfect relationship. The sign of r
(+ or -) denotes the direction of relationship. < A positive sign means’

that high tends to go with high and 10w~yith low, whereas a negative
sign means that high tends to go with low arid low with high.

y . .

R T -
/he regression equation shown in Figure C-2 (Y = 1.447 + .909X)
.is a precise eXpression (within rounding error) of the regression line
that best fits the scatter of points. MNotice that the line dn this
example does not 1iterally pass through'any of the 12 points that
comprisefthe scatter even though the line is the analytical "best

£it." Jhe!difference between an estimated value nf Y-(denoted Y') and

an actual value of Y- for values of X is an error of estimate. (These .

differeices, or errors, dre often called "residuals" in regression
analysis.)

¢ '
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"  FIGURE C-2 *Rseaess_io ’Tmﬁ FOR SCATTER OF’ 12 POINTS
" DEFINED B X AND Y VALUES

\
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The average of ‘the squared errors is the variance of the error
distribution; in regression analysis, this term usually is called the
"mean square error.” The square root of the mean square error is the
standard deviation of the distribution of differences between actual
and predicted Y-values. This standard deviation is called standard
error of estimate. It also is a key term involved in defining some
other terms: (1) standard Zeviation of b, the regression coefficient,
(2) sample standard deviation of estimated Y as an estimate of popu-
lation mean, and (3) sample .standard deviation of estimated Y as an.
estimate of a new point Y. '

Table C-1 converts the information from Figure C-2 to numbers.
The' third colimn of Table C-1 shows the values of Y estimated for
various values of X from the regression equation. These points fall on
the Tine shown in Figure C-2. The fourth column shows the errors of

. estimate or the differences between actual and estimated values of Y. °
Summary statistics at the bottom of Table C-1 include the terms neces-

sary to separate variability in the dependent variable, Y, into two .
parts: that yariability accounted for by the regression line, and that

" variability which is unexplained (the sum of the squared‘errors or

residuals). Note ihat :hese two parts add to the total vaxiability.

In the bottom portion of Table C-1, the entries ‘are referred to as
sums of+ "squared: deviations." Deviation refers to the difference
between a given score in a distribution and the mean of that whole
distribution of scores. It is conventional to denote a raw score in a

L)
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Table C-1 - _ :
NUMERICAL VALUES TO SUPPLEMENT FIGURE C-2

Error

Actual Scores_ Predicted.Y Scores

Case X Y Scores (Y') (Y - Y')

01 1 2 2.356 . =.356

02 2 2 3.265 -1.265 .

03 2 3 3.265 -.265

04 3 4 4.174 » -.174

05 3 5 4.174 .826

06 4 5 5.083 -.083

07 4 6 - 5.083 917

08 4 7 5.083 - 1.917

09 5 7 5.992 -1.008

10 6 5 6.902 -1.902

1N o 6 6.902 ~.902

. 12 8 9 8.220 - .280

b
Sum of Scores 48 61 61.000 0.000
ﬁum of Squared ‘cores 236 359 . 346.447 12.553
" Sum of Cross products (XY) (284) -

Mean of Scores 4.000 5.083 5.083 0.000
Standard Deviation N

of Scores 1.915 2.019 1.741 1.023

‘ .

Regression (explained) sum of squared deviations = 346.447 - 6].0002/12 =
Error (unexplained) sum of squared deviations = 12,553 - 0.0002/12 = 12.553
Total sum of squared deviations = 359 - 61212 = 48.917

(12 x284) - (48 x o1)-
Correlation between Xand Y = r_ = - = ,8622

Xy
V12 x 236 - 482 V12 x 350 - 612

Explained variation / Total variation = R2 = 36.364 / 48.917 = .7434

2 2 2
= R = .8622" = .7434
rxy. R 2 ’

Note: Values rounded following computations
i )
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distribution by a capital letter, such as X. (Both X and Y are used in
Table C-1 to distinguish two variables.) The symbol, X (read as
"X-bar"), is commonly used to denote’the m2an of the distribution of
X-scores. A deviation score, then, s defined as (X - X) and symbolized
by .the lowér case, x. The phrage, 'sum of squared dev1at1ons,“ could be
symbo]ized‘as Ex2 or as Z(X-R)¢, where "2 " means "add all terms."

The sum of squares of deviation scores (or "sum of squared devia-
tions") in'Table C-1 can be shown with simple a]gebra to have the
following identity with raw scores:

2
2 _ <2 (ZX)
X = 2 X "—N—

-

Raw score vé]ues are shown in the computations at the bottom of Table

-1. » -

e T
PSS

e

s

The term, =xZ, denotes the sum of squared deviations of scores
about thergean or, (broadly, the var1abi]ity in the distribution. As
noted earTier, the mean of* that term -~ Xx2/N -~ is commonly called
the "mean square." It also may be called "variance.'* The square
root of the variance is the standard deviation of the distribution.
Note in Table C-1 that the standard deviation of raw Y-scores = 2.019.
This is the square root of the whole term, 48.917 (the "total sum of
squared deviations") divided by 12 (the N or number of cases); i.e.,
2.019 = /a8.917/12.

Based on the raw scores that comprise score distributions, the
terms needed in most commonly used statistical calculations are (a) the
number of cases, (b) the sums df scores in each single distribution,
(c) the sums of squared scores in each single distribution, and (d) the
sums of cross-products in each distribution of paired scores. Appendix
E of this report contains a selected collection of commonly encountered
statistical formulas. \

A procedure for partitioning variance into additive parts is shown

at the bottom of Table C-1. Also shown is the meaning of correlation
. in terms of the ratio of explained variation to total variation. Com-

putations of the slope and intercept in the regression equation are
described below. .

Recall that the basic form of the regress1on equation is Y' =a +
bX, where Y' = estimated Y-variable score, a = intercept, b = slope,
and X = any X-variable score. The slope may be computed directly from

—
This report bypasses the problem of specifying appropriate divisors
for various mean squares. This is not to belittle its importance but
to note that the general problem has too many specific answers to be
treated here.: .
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a combination of the basic sums. It is handier to compute the slope
term (the regression coefficient) before computing the intercept, so
that one can use the obtained slepe term in the intercept computation.

-

‘\‘\‘ ~~ -
1 (1) Slope = b = E:X; 2.X E%Y/N Equations for
J . ' 2XE - (XN bi¥ariate case
° only

(2) " Intercept = a = Y/N - b2 X/N
Using equation (1), the slope term for the data in Table C-1 is

computed as follows: I
oy =B TEEUAL L gh99; ... = 509
— 236 - (48°/12) : HE.

o
-

2

Using equation (2), the intercept term for the data’%n Table C-1
becomes:

a = 61/12 - [(b)48N12] = 1.446969..... = 1.447

Thu's, the completed equation for estimating the regression of Y on
a X is as shown in Figure G-2: ' ‘

Y' = 1.447 + 909X

Bafore the above computational detour, the meaning of error of
estimate was introduced and illustrated in Table C-1. In Table C-1, we
also showed how total variability (i.e., the "sum of squares" or "sum
of squared deéviations") can be partitioned into a fraction explained by
‘the regrgssi&n and a fractiom that jis unexplained, and that this ratio
= R2, “The unexplained fraction is variously referred to as "error"

. or "residual.! The additive property of the sums of squares made up of
explained and| unexplained variability leads to need for a term to denote
"error" in the generalized regression equation. In the simple two-

variable form\ this equation is usually written as:

Y=a+bX+e

value of Y

value of X

intercept constant

slope or regression coefficient
error '

\ where:

\

|

The objective is to minimize error (i.e., to maximize explanation).

It is precise]* this objective that leads to such efforts as sharpening
measurement to!reduce measurement error, transforming scales to increase

the straight-line nature of relationships between variables, and sifting
.predictor variables so that only relevant ones are included.

&

w o uwuwu

Y
X
a
b
e




MR TS

As soon as two or more predictor variables are employed in an
effort to explain variability in a third.variable (the dependent )
variable),. the regression analysis becomes a multiple re jop——
analysis. ? — :

. —The general mu]tiﬁ]e regression equation is a logical extension of
L the simple form. Multiple regression uses many variables to predict Y.
This can be expressed as follows:

. Y=at+ b]X] + b2X2 +. 000t kak t e

In this form, the subscripts (1, 2, ... k) denote dijfferent X
variables, each of which has an associated b or regression coefficient.
‘ As before, error is denoted by e. The regression coefficients -- the b
N values -- are weights. Thus, the objective is to find the best-weighted
combination of X values to predict Y.

" Instructors, subject matter experts, and other staff responsible
for the development, conduct, and evaluation of technical training may
encounter two kinds of problems with respect to multiple regression t
analyses -- interpreting the work of others and planning, conducting,
and interpreting their own analyses. In both cases, knowing something
about the meaning of terms in a regression equation is essential; these
topics are treated briefly below. The more creative enterprise is *o
plan, conduct, and interpret one's own analyses. The closing portion
of Section I of the report offers some prescriptive counsel regarding
“do-1it-yourself" regression analyses.

The Scale of Measurement

The discussion to this point has largely assumed that the variables
in the regression equation are in terms of original measurements (i.e.,
test scores, time to complete, etc.). We call these "raw" scores.
Since the results of a regression analysis are not changed by multi-
plying any variable by a constant, or by adding a constant, it is
frequently more convenient to "standardize" the variables so that their
average is zero (by adding a constant) and their standard deviation is
one (by multiplying by a constant). Standard scores are commonly
called z-scores. ' -

When variables are standardized, computer printouts, for example,
often designate the slope as a ‘beta weight," "b-weight," or "partial
regression coefficient.” Using raw scores, the slope is often desig-
nated “B-weight," or simply "B," or "raw score weight."

Compari sons across samples for a single variable probably are best
made using unstandardized, rather than standardized, regression coeffi- |
cients since the beta weight is so sensitive to variability in the
distributions.  However, the question of relative importance among
several predictors in a regression equation can be approached only when
the coefficients are standardized. It is only when all variables are
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;¥1ﬂfsgandard (z-score) terms and the coefficients are expressed as beta
.. weights that the relative importance of the gredictors (in accounting
¢ for total variance in the dependent variable)-can-be estimated. Vari-

‘ E.iworta‘n:t.. .

X v

4 g,

é‘ﬂpw to Reﬁresent Categorical Variables in Regression Analysis

i - Wnen multiple regression analysis is used to analyze experimental

- data -~ for example, when one wishes to estimate the effects of alter-
: native treatments on some dependent measure of performance -- then

i 1ndependent variables can be created to provide a way of quantitatively
i-coding subjects according to the treatment they experienced. Further-
- .more, when one is interested in possible interactions between charac-

. teristics of subjects and the treatment they experienced, additional

~ variables can be created to represent such interactions.

, The following two sections discuss ways to deal with these two
“issues: (1) using categorical or nominal variables (e.g., sex or

; ‘treatment group) along with continuous variables (e.g., test scores or
- performance ratings) in regression analysis, and (2) creating variables
:to represent interactions between treatments and personal characteris-
: tics or aptitudes. : y

Coding Categorical Variables

. When a multiple regression approach is used to assess the effects
-of alternative instructional treatments on performance, the analyses
‘must accommodate both categorical or nominal variables (e.g., instruc-
. -tional treatment, sex, race) and continuous variables (e.g., years of
: Service, measures of prior performance, aptitude test scores, interest
‘inventory scores).

] Categorical variables, such as type of instructional treatment,
“can be used in a multiple regression ana]ysis by representing them
‘through what are called "dummy variables.” A dummy variable is created
-by treating each category of a variable as separate. For exampie, one
imay wish to use "prior course experience" as one of the predictor
ivariables in the evaluation of an entirely new course. Imagine that
;assigmment to the new course is made from among persons who have previ-
‘ously completed any one.of existing courses A, B, C, or D. The evalua-
:tion question concerns which prior course experience is the best
predictor of performance in the new course. Dummy variables D1, D2,

-and D3 would be created to represent prior course experience as shown
‘in Table C-2.
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- Table C-2

DUMMY VARIABLE SCORES FOR THE CATEGORICAL VARIABLE,
"PRIOR COURSE EXPERIENCE"

Prior Dummy Variables

Course D~ D2 03

A 1 0 0

B 0 ] 0

Q c 0 0 .
D 0 0 0

Note in Table C-2 that the number of dummy variables needed is one
less than the number of categories to be represented. As shown in
Table C-2, "prior course D" is fully determined by the other three
categories (i.e., zdro on all three variables). In this example,
"nrior course D" becomes the "reference category." it is not excluded
- from the analysis; rather, it is the reference value against which the
other variables are contrasted. ’

Dummy variables also can be created to represent the experimental
variable of "instructional treatment." An approach exactly analogous
to Table (-2 could be used if there were three or more instructional
approaches to be contrasted. Again, the guiding rule is that when a
categorical variable has C categories, use one less than C dulmy vari-
ables to represent it. Thus, with three alternative treatments to
contrast, two dummy variables would be needed and the third treatment
would be the reference category.

/ Creating Variables to Represent Interactions

In analysis of variance (ANOVA) with two or more independent vari-
ables (as illustrated in the body of the report in Figure 5 and accom-
panying text), the analysis produces terms that represent interactions
between the combinations of the independent variables. For example, in
a two-way design such as shown in Figure 5, the independent variables
were Treatment (X, with levels A and B) and AFSL (Xz with levels 1 and
2). The ANOVA produces estimates of Xj variance, of Xz variance, and
of variance due to interaction between Xy and Xy, or X{Xz. Simply
stated, an interaction between two independent variables implies that
lines connecting cell means, when plotted as in Figure 5, are not
paraliel. - : v

Hith three independent variables (e.g., Q, R, S), ANOVA would

yield (1) three main effect estimates, Q, R, and S, (2) three two-way
interactions, YR, QS, and RS, and (3) one three-way interaction, URS.
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) By analogy, the number of interaction terms can be seen to axpand with
° the inclusion of each additional independent variable.

In multiple regression analysis, the analyst is seeking a regres-
sion equation that minimizes the error of estimate. If interaction is
either suspected or expected, variables to represent the interaction
must be created and included in the-analysis. Symbolically, an inter-
action tem for two independent variables would be shown as follows:

Y =a+ b]X]'+ bzxz + bBX]Xz

In the above expression, X1X2 is the product of variables XJ and X2 and b3
is the regression coefficient associated 'with that created interaction
variable. )

In instructional treatment experimentation, it is customary to
create interaction variables involving treatment (the experimental
independent variable) and one or more of the individual differences
variables or "aptitudes" descriptive of persons in the experiment.

« Table C-3 illustrates procedures for creating antitude-treatment
interaction variables with dummy coding variables.
i Table C-3

CREATING APTITUDE-TREATMENT INTERACTION VARIABLES
(Hypothetical Data)

‘ Dummy Coding
. _ Aptitude
L Treatment
Treatment Depend&ént Aptitude Treatment Interaction
Group Var., Y- Var. X2 Code X] X]X2

A AR 6 1 6

8 7 1 7

9 8 1 8

10 9 1 9

B 8 6 0 0

9 7 0 0

7 8 0 0

6 9 - 0 0

Sources for More Detailed Guidancé

Computational proc.:dures for multiple regression analyses involv-
ing several variables are sufficiently complicated to make it impos-
sible to address them responsiQJy in this report. Packaged programs
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»Afor conputerized’solutions are widely available (see, for example,

Reference 13, Statistical Package for the Social Sciences (SPSS) or
Reference 8, BHDP Biomedical Computer Programs).
The following references contain computational examples: . ‘

Kerlinger & Pedhazur (1973), McNemar (1969), Nunnally (1967), Snedecor
& Cochran (1980). The Kerlinger and Pedhazup volume contains several

step-by-step illustrations.




Appendix D

ANALYSIS OF TRAINEE CHARACTERISTICS AND PERFORMANCE DURING
INSTRUCTION AS A BASIS FOR DEVELOPING ALTERNATIVE TNSTRUCTIONAL
TREATMENTS FOR SUBSEQUENT EXPERIMENTATION
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ANALYSIS OF TRAINEE CHARACTERISTICS AND PERFORMANCE DURING
INSTRUCTION AS A BASIS FOR DEVELOPING ALTERNATIVE INSTRUCTIONAL
TREATMENTS FOR SUBSEQUENT EXPERIMENTATION

Introduction

be performed to provide bases for developing alternatfive instructional
treatments intended to improve the performance of particular trainees
and- therefore the average performance of all trainees. The analyses
are relevant to each of the first three functions of internal evalua-
tion. as pictured in Section III, Figure 9: (1) analyze needs, (2)°
specify objectives and design.approach, and (3) develop approach.

This appendix contains an example of kinds of ag&j&ées that might

The first part of this appendix discusses the conceptual and
statistical re]ationships among four measures of trainee performance
during self-paced instruction inga computer—managed instructional
enviromment. Actual data are used in the first part of the appendix;
they were obtained during a study to generate instructional strategies
that held promise of reducing learning time. The first part of the
appendix closes with some speculations about sty11st1c differences
among, trainegs that appeared to influence the way in which they
perfurmed.

ny

In the second part of.the appendix, a fictitious data base is
introduced. The data are similar to those in the real sample; however,
to simplify presentation of some examples, scales have been compressed

) and s1mp]1f1ed to show how student characteristics might be combined

with training performance data to help in conceiving instructional

- treatments. At that point, the appendix leads back to Section III of

the report.

I\\)

Relationshins Among Four Measures of Student Performance During. Training

Four measures, of student performance are obtained routinely in an
Air Force computer-managed instructional sett1ng. The meaning of thesi
measures and their relationship to points in an instructional sequence
are illustrated in Figure D-1\

1. MIM (first attempt measured time) defines instructional

clock-time from the beginning of instruction to the first
attempt of the criterion test.
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2. L§c {criterion test score on first attempt) is recorded
following the first attempt.

3. LTM (measured time to criterion) identifies the total
instructional and test-taking clock-time from the beginning
of 1ﬁgtruction until the~Eg§;,criterion is satisfied. -~

A\

4.  NATT ‘{number of attempts to criterion) is a count of.the
. number of times a stydent takes the criterion test.
In an analysis of student performance in a course at the computer-
managed instructional site, composite indices for each of* the above °
measures were constructed tp describe the average performance of 136
trainess through a sequence of three consecutive lessons.. Scores on
each measure for each of the three lessons Were transfcrmed to standard
scores or z-scores (i.e., each student's score was expréssed as the
deviation from the mean score of the group). This trapsformation put
all scores from the three lessons on a_common.scale, thus adjusting for
differences betweeén lessons in the study time required and the number
of items in ‘the criterion’te'sts. The resulting standard scores for
each measure from each lesson were then summed and composite scores

across atl three lessons were computed from the combined distributions -

of standard scores for each measire. ' These composite scores were
labelled K in subsequent analyses -- KMTM, KLSC, KLTM, and KNATT.

Table D-1 shows intercorrelations among these compositescores as
well as means and standard deviations for each. (Recall that the
composite of individual lesson z-scores created.an abstract scale for
each measure. For example, KMTM scores ranged from a "slow" score of
-5.798 to a "fast" score of .3.937. As shown in Table D-1, the mean
KMTM score was 0.000 and the standard deviation was 2.223.)

Figure D-2 shows histograﬁs for the four frequency distributjons.
These histograms illustrate the negative skewhess (lack of symmetry) of
each, the most extreme of which is the KNATT measure.

The data in Table D-1 and Figure D-2 provide one basis -for
identifying stylistic differences among trainees. Differences among
trainees, in turn, suggest alternatives in instructional approaches
that-invite experimentation and evaluation. .

The time relationships among the four performance measures, as
“illustrated earlier in Figure D-1, should be kept in mind when inter-
preting the correlation coefficients shown in Table D-1.

1. . The LTM and NATT measures constitute complétion of a lesson .
or segment of instruction. Either or both are appropriate
dependent variables or outcome measures.

* "

~
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S Table D-1

CORRELATIONS AMONG COMPOSITE PERFORMANCE MEASURES AND
DESCRIPTIVE STATISTICS FOR EACH

Correlations Between Composite Measures .

Composite Measure KMTM .KLSC KLT™M KNATT

KMTM -~ . .3600 .9267 . 2592

KLSC ' .3600 -- 5574 8135

KLTM .9267 .5574 -- .4803

KNATT .2592 .8135 .4803 --

Descriptive Statistics _KMTM KLSC KLTM KNATT

Median 0.080 0.45] 0.07 0.513

Mean 0.000  0.000  0.000 ' 0.000

N Standard Deviation 2.223 2.132 2.317 2.072

' “Best" Score 3.937 2.941 4.072 1.778
"Worst" Score -5.798 -6.927 -6.198 -8.406 *

/

!

Note: N =136 for all computations.

/
A1l variables scaled in the "desirable" direction.
Positive signs denote (1) short time to first
.attempt (KMTM), (2) high first attempt scores
(KLSC), (3) short time to criterion (KLTM), and (3)
few number of attempts to criterion (KNATT).

‘ 134




*

1 scome" PERCENT SCORE PERCENT
| INTERVAL 0 . 20 38 40 INTERVAL 10 - 20 30
. - i k] | i 1 1 a\
[( 400 - 499 400 - 499
| 300- 399 . 300 - 3.99
1 200- 299 |5 200 ~ 2.99
1.00 - 199 1.00 - 1.99 k
090 - 089 |75 0.00 - 099
-1,00 - -0.01 . -1.00 - -0.01
-2.00 — -1.01 * =200 - -1.01
-3.00 - -201 fS3 0 -3.00 - -2.01
400 - 301 5[ -4.00 - -3.01
-5.00 - 4.01 {7 560 - 4.01
-6.00 - 501 | KLSC -6.00 - -5.01 —
~7.00 - 601 Median = 0.451 700 - -6.01 Median = 0.080
>-7.00 >-1.00
SCORE PERCENT SCORE PERCENT
INTERVAL 10 20 30 40 INTERVAL 10 20 30
J o 1 I 1 1 1 1
400 - 499 4.00 - 4.99
3.00 - 399 3.00 - 3.99 K3
200 - 299 200 - 299 PN
100 - 199 N R RN 1.00 - 1.99
0.00 - 039 0.00 - 099 |
=100 = 001 [ SN -1.00 - -0.01
-200 - -101 2200 - -1.01 £
-3.00 - 201 fF e -3.00 - -2.01 }°
-4.00 - -3.01 400 - -3.01 |
-5.00 — 4.01 ~ -5.00 - 4.01 &
-6.00 - 501 | KNATT -6.00 - -5.01 KLTM
700 - 601 Median = 0.513 N et & Median = 0.071
>-7.00 ] >-1.00 )
. HA-423582-14
FIGURE D-2 HISTOGRAMS OF FOUR COMPOSITE PERFORMANCE MEASURES |
~ 138 \ n

. ~.2i




2. The NATT measure also is.an independent, or predictor,
variable with reference to LTM. Time to criterion (LTM) .
depends in part on number of attempts (NATT). It does not

make conceptual sense, however, to view NATT as depending on
total time.

3. The LSC measure is an appropriate predictor of either LTM or
NATT or both. The first attempt score is pivotal in its
influence on the other performance measures. If the first
attempt score satisfies the criterion, then the first attempt
s the only attempt; that is, NATT = 1. Also, if LSC satis-
fies the criterion, then MTM = LTM. On the other hand, if
LSC does not satisfy the criterion, then (a) NATT > 1 and (b)

. LTM = MTM + (Time for Attempts Beyond the First Attempt).

4. The MTM measure is an appropriate predictor of NATT. The MTM
measure also may be used as a predictor of LTM. The corre-
Tation between MTM and LTM is inflated, however, since MTM is
a component of LTM; that is, LTM = MTM + (Time for Attempts
Beyond the First Attempt). For the majority of the 136
trainees whose performance was summarized in Table D-1, LTM =
MTM on each of the three individual lessons from which the
composite scores were constructed. When performance scores

were combined over three Tessons, however, KLTM > KMTM for a
substantial fraction of trainees.

Three complementary correlational analyses help clarify the
pattern of relationships among the composite performance measures as
summarized in Table D-1. Consider first the relationship between the
KMTM and KLTM scores. As noted above, KLTM = KMTM + X, where. X = time
for attempts beyond the first one. The correlation between KﬁTM and
KLTM is high (.9267) due to the part-whole relationship between ‘the two
measures. Also, the extreme skewness in KNATT scores indicates that
most trainees require only one or a very few attempts to satisfy the
criterion. The correlation between KMTM and the additional time, X
can be computed as -,0868. This indicates that KMTM is essentially
unrelated to thesadditional time beyond KMTM that represents -the
differonce between KLTM ang KMTM -- high KMTM is as 1likely to be
accompanied by low additional time as by high additional time.

’

Consider next a series of partial correlations involving the four
performance ‘measures. A partial correlation estimates the relationship
between two variables when the ;influence of one or more other variables
has been eliminated or "partialled out." Table D-? shows five sets of
partial correlations. In the first three sets, KLTM is the dependent
variable with KNATT, KLSC, and KMTM, in turn, used as the single
predictor variable. In the remaining two sets, KNATT is the dependent

variable with KLSC and KMTM, in turn, treated as the single predictor
variable.

13y
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Table D-2
SIMPLE AND PARTIAL COKRELATIONS AMONG PERFORMANCE MEASURES

‘First-order Partial Second-order Partial

Correlation Correlation
: Variable VariabTes
Variables Correlated Zero-order Partialled Partialled
Dependent Predictor Correlation Out Coefficient Out Coefficient
LTM MTM .92670 LSC .93732
NATT .94697 LSC, NATT . 94405
LM NATT .48025 MM~ .66146
LSC .05548 MTM, LSC .32N5
LTM LSC .55740 MM .63820 ,
NATT .32682 MTM, NATT .24923
NATT LSC .81353 MM .79930
NATT MTM  .25916 LSC -.06220

The middle column of Table D-Z shows first-order partial corre-
lations, or the relationship between the dependent and predictor
variables whan one or another third variable is partialled out. The
right-hand column shows second-order partial correlations, obtained
when the joint influence of two variables is partialled out.

Several inferences may be drawn from the partial correlation
analysis shown in Table D-2:

1. The spuriously high correlation between KLTM and KMTM is well
illustrated by the sequence of computations in the first row
of Table D-2. The simple correlation between KLTM and KMTM
is .92670. Partialling out KLSC and KNATT, either singly or
as a pair, has very litt.e effect on the relationship. The
dominance of KLTM by KMTM, of course, follows from the
definitions of the two variables, as noted earlier.

2. Nhen'the effects of KMTM on KLTM are eliminated, the apparent
relationship between KLTM and KNATT and between KLTM and KLSC




are somewhat greater than indicated by the simple correla-
tions. For KLTM vs. KNATT (second row of Table D-2), the
correlation increases from .48025 to .66146 when KMTM is
partialled out. In the KLTM vs, KLSC relationship (third row
023;ab1e D-2), the coefficient increases from .55740 to
.63820. .

3. KNATT is predicted rather well by KLSC, as the definitions of
the variables would lead one to expect. The simple correla-

tion between KNATT and KLSC is .81353, as shown in the fourth
row of Table D-2. When the effect of KMIM is partialled out,
the relationship is decreased only very slightly to .79930.
The strength of the relationship between KNATT and KLSC also
is demonstrated by (a) the very low correlation between KLTM
and KNATT when KLSC is partialled out (.05548 as shown in the
second r- 1 of Table D-2) and (b) the very low correlation
between KNATT and KMTM when KLSC is partialled out (-.06220
as shown in the fifth row of Table D-2).

4. ~The second-order partial correlations (a) between KLTM and
KNATT with the joint influence of KMTM and KLSC partialled
out (.32715 as shown in the second row of Table D-2) and (b)
between KLTM and KLSC with the joint influence of KMIM and
KNATT partialled out (.24293 as shown in the third row of
Table D-2) both reinforce the apparent low-moderate relation-
ship between KMTM and KLSC that was shown earlier in the
simple correlation of .36004 (see Table D-1). There is a
slight tendency for a short time to first attempt to be
associated with a successful first attempt. However, KMTM
does not have much practical use as a predictor of KNATT. As
will be shown below, ‘a.cross-tabulation of KMTM and KLSC
serves to identify two subgroups that differ stylistically
from one another -- some (who might be characterized as
"gambiers") who achieve criterion after many attempts and
many errors and others (who might be characterized as “sure
bettors") who achieve criterion with fewer attempts but
longer study time than the "gamblers.”

A third way to look at the relationships among the performance
measures is in a multiple correlation sense; that is, the relationship
between a dependent variable (KLTM or KNATT) and a best-weighted
combination of predictors.

As the partial correlation analysis showed, KMTM alone is
virtually interchangeable with KLTM. When KMTM is paired with either
KNATT or KLSC as a predictor of KLTHM, essentially identical multiple
correlation coefficients of auout .96 are obtained, thus indicating
that KNATT or KLSC contribute little to explained variance in KLTM
beyond that attributable to KMTM. When KNATT and KLSC are paired as
predictors of KLTM, the obtained coefficient of .5593 is virtually
jdentical to the coefficient of .5574 that describes the direct
relationship between KLTM and KLSC. ,
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A similar situation applies to the prediction of KNATT as a
dependent variable. KNATT is fairly well predicted by KLSC alone
(.81353), and not well predicted by KMIM alone (.25916). Combining
KLSC and KMTM as predictors of KNATT yields a coefficient of .81433 -~
in short, KMTM adds nothing to KLSC as a predictor of NATT.

Ve noted' above that a cross-tabulation of First Attempt Measured
Time (KMTM) and First Attempt Score (KLSC) suggests substantial
stylistic differences among trainees in the manner in which they
approach trials on criterion tests in the self-paced instruction.

. The -cross-tabulation between KLSC and KMTM is shown in Figure
D-3. “In this form, the plot is called a "scattergram." Plotting the
scatter of paired X and Y-values for each case is a useful way to get a
visual idea of the shape of a distribution that underlies a correlation
coefficient.

Before discussing Figure D-3, it is important to emphasize that
the KMTM scale in the scattergram (the X-axis) runs in a direction
opposite that used in the descriptive statistics reported earlier in
Table D-1 and shown as a histogram in Figure D-2. In both Table D-1*
and Figure D-2, scores had been scaled to reflect "desirable" .direc-
tions.* Since "short time to first attempt" was considered more desir-
able than "long time to first attempt," the scales in Table D-1 and
Figure D-2 show "short time" as a positive score and "long time" as a
negative score. In the scattergram shown in Figure D-3, the conven-
tional ‘practice has been followed of showing values as increasing
upward on the vertical (Y-axis) and to the right on the horizontal
(X-axis). This reversal means that the correlation coefficient
computed from Figure D-3 is -.3600 in contrast to the coefficient of
+.3600 reported in Table D-1. Also, the median for ZMTM from Figure
D-3 is -0.080 rather than +0.080 as reported in Figure D-2. )

Returning to the scattergram in Figure D-3, the moderately weak
relationship denoted by the correlation coefficient is evident from the
relatively formless scatter of the points (X, Y-pairs). The horizontal
and vertical dashed lines mark the means of both scales; their inter-
section is the arithmetic mean of the combined distributions and since
both means = 0.0, this also is the origin of the two-way plot.

* ‘
It is common practice, and frequently helpful in interpreting ‘
findings when several variables are being analyzed, to reflect some
scales (multiply by -1) so that the Ugo0d" or "desirable” ends of all
scales have the same sign. Reflecting scales does not affect the

strength of a relationship but will reverse the signs of correlation
coefficients so that all "good-to-good and bad-to-bad" associations
carry a positive sign.
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The two solid lines that interséct\af the mean a

sion lines. The less-steep line, 1abe11§d Yy
sion for Y predicted from X or First Attempt
from First Attempt Measured Time (KMTM).

re the two regres-
-.345 X, is the regres-
Score (KLSC) predicted

The equation says that, on

the average, for every unit increase in X, there is a .345 decrease in

Y. The second line, labelled X'

or KMIM on KLSC. This equation says that,é
unit increase in Y, there is a .375 decrea e
average of these two regression coefficients

correlation coefficient of -.360.

=.375 Y\ i

s the regression of X on Y

on the average, for every

in X. (Note that the
or slopes is equal to the

This holds because the two means

are zero and both scales are on the same metric.)

Both regression 1ines were computed by |procedures described in

Appendix C. Both are least-squares best-fi
no relationship between X and Y (if r = 0.0)),
~would have corresponded to the two dashed 1i
predicted any Y-score using the mean of X, a
mean of Y. On the other hand, if the relati
been a perfect negative one (if r = #1.0), t
would have coincided and extended downward f
the mean to the lower right.

The fact that the re]ationshfﬁ between §
(KLSC) and time to the first attempt (KMTM) i
stylistic differences within this sample of 1

lines. If there had been
the regression lines

es -- one would have

nd any X-score using the

pnship between X and Y had

e two regression lines

rom the upper left through

cores on the first attempt
s quite Tow suggests
36 trainees. Certainly

there is a cluster of trainees denoted by poi
quadrant of Figure D-3 who were relatively qu

nts in the lower-left
ick to attempt the test

but also relatively unsuccessful in their fir
trainees identified by points in the upper-ri
tively long times before attempting the test

. »well when they did attempt it.

These contrasting patterns suggest at le

st attempt. By contrast,
ht quadrant took rela-
ut generally performed

st two sets of questions

as candidates for guiaing instructional treatment experiments:

1. MWhat can be done to stimulate quickef responses from the siow
but. accurate types represented in th upper-right quadrant of
Figure D-3? Is there something in their experience back-
grounds that discourages risk-taking? If so, what changes in
the instructional approach would be ljikely to speed them up
without jeopardizing seriously their\chances of doing well on
the test? t

What can be done to stimulate more deliberation from the fast
but inaccurate types represented in the lower-left quadrant
of Figure D-3? Why do they seem so w 11ing to guess, as some
must have done? Are they unable to evlaluate their own read-
iness for the test, or are they using||feedback from the test
results as constructive guidance? What changes in the
instructional approach would help them|make better evalua-
tions of their chances of passing the test without exces-
sively reducing their willingness to’tdst themselves?

\
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Trainees represented by points in the lower-right quadrant of
Figure D-3 present instructional problems, too. Here are trainees who
are both relatively slow and inaccurate. Are they beyond their depth
in the instruction? Are there shortcomings in their backgrounds, such
as slow reading speed or problems in reading comprehension, with which
they should be helped before they begin new instruction? Are the
criterion tests adequate that brought them to this stage of training?
Is it possible that faulty measurement at an earlier point suggested
readiness before it was justified?

Identifying the Relative Importance of Various Predictors in Accounting
for Variability on a Criterion Measure

From this point on, the data used in the illustration are ficti-
tious. To sustain.continuity with the preceding discussion, assume
that the purpose is to look more closely at variables or factors that
affect a criterion measure, "time to criterion." The purposes follow
from the speculative discussion in the preceding paragraphs. In the
following example, the purpose is to investigate how instructional
efforts might be modified to reduce "timg/ﬁo criterion."”

Table D-3 shows the full array of data used in the following
exercise. Three of the variables are familiar from the precediny
discussion: (a) time to criterion (LTM) which will be the criterion or
dependent variable, (b) first attempt score (LSC), and (c) number
attempts to criterion (NATT). Two hypothetical variables have been y
added to the array: (a) a "basic skills" factor which might represent
measures such as reading comprehension, reading vocabulary, abstract
reasoning, or prior learning experiences, and (b) an "anxiety" factor
derived from a self-report paper-and-pencil measure. The two factors
are not independent of one another; the correlation between them is
negative and low-moderate in strength.

To simplify the presentation and make it easier to reproduce the
computations, all five of the variables have been represented on three-
point scales -- 0, 1, 2. In keeping with common sense equivalences,
||0n means "'low," "few," or ushortll and ||2|| means "h1'>gh," "inany," or
"long." Thus, we will discover that some "desirable" relationships are
negative in sign. For example, few attempts to criterion (NATT) is
"good" and a high score on the first test attempt (LSC) is "good;" as
is apparént to the eye, the relationship between NATT and LSC shown at
the far right in the bottom row of Table U-3 will be negative.

Table D-4 provides the déscriptive statistics that go with Table
D-3. In the top half of Table D-4, correlations between all pairs of
variables are shown. The right-hand column shows the correlations
between each predictor and the criterion. The next objective is to
estimate the degree of improvement possible in che prediction of LTM
provided by the Basic Skills factor alone (r = -.6367) if use also is
made of the other three preqictor variables. The square of -.6367 is
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Table D-3

FREQUENCY CROSS-TABULATIONS OF HYPOTHETICAL TRAINEES ACCORDING
70 SELECTED APTITUDE AMD TRAINING PERFORMANCE MEASURES

-

Time to Criterion
Levels . ,
Within | Short Long .
Yarfable V,riablo ] 2
mgh2 | 28 12 2 | Basteskms |
Basic Factor
Skills ] 10 30 7
Factor Low High
. Low 0 5 7 35 0 - 2
High 2 W0 19 2 26 17 17 Anxfety Factor
Anxiety
Factor 1 15 18 13 14 20 12 Low High
Low 0 18 12 10 7 10 23 o 2
High 2 % 22 3 7 16 27 20 15 15 Ist attempt
Ist Score
Attespt 1 12 N 23 8 26 12 14 16 16
Score Low High
Low O 6 16 18 2. 5 3 6 15 19 (R | 2 | Total
Many -2 4 8 18 20 9 1 3 9 w83 7 0 30
Number '
Attespts 1 12 19 2377 20 23 N 8 .5 28 {15 32 7- 54
to
Criterion Few O 27 22 3 7 15 30 29 19 4 2 1 & 52
Total 43 49 44 47 47 42 40 46 50 40 46 50 136

Note: Yariable means, variances,

tabulations. See Table D-4 for summary statistics.

s

and intercorrelations computed’ from frequencies as shown in3x3
See text for explanation of erample.

]
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4054 which indicates that the Basic gkills factor alone aghounts for \

. some 40% of the variability in thie criterion measure, LTM. N

Table D-4

DESCRIPTIVE STATISTICS FOR FREQUENCY CROSS-TABULATIONS
SHOWN IN, TABLE D-3

Correlation Between Selected Variables (N;é_136) ..

Basic Tst Attempt No. Attempts Time ¢
Variable . Skills Anxiety Score to Criterion Criterit
|
x/ Basic Skills -- -.3890 .5544 -.5129 -.6367
Anxiety - ~.2099 .4974 .2148
1st Attempt -- -.7455 -.3867 -
Number Attempts -- .4620
Time to -
Criterion
. ' . Means and Standard Deviations for Variables (N = 136)
N Basic Ist Attempt  No. Attempts Time to.
‘ Statistic Skills Anxiety Score to Criterion Criterio
\
Mean .9632 1.0735 1.0735 .8382 1.0074 .
Standard Deviation 8111 .8132 .8132 .7623 .8027

(N-1 wtd.)

-

b“~
a
' .

Note: Al1 variables re-scored to a three-valued scale (0, 1,-2). See Table
D-3 for corespondence between adjective scores (e.g., high, short,
many) and numerical values.

The next step is to determine the multiple regression equation for
estimating LT using all the predictors (Basic Skills Factor, Anxiety
Factor, LSC, and NATT). Some of the discussion below nay be helped by
referring to Appendix C.

Table D~5 summarizes the results of the multiple regression
analysis. The full regression equation may be written as:

Y' = 1.2244 - .6'|69X.l - .]734X2 + .2073)(3 + .4067X4

where Y' = Predicted Value %of Time to Criterion (LTM)
X] = Basic Skills Factor
X2 = Anxiety Factor

= Ist Attempt Score (LSC)
4 Number Attempts (NATT)

T4

>
w
" !




. The ohtainad RZ of 4564 15 somewhat greater than .4054 or the
Square of the simpie correiation between Basic Skills and LTM; the
other predictors have added about 5% %o the variability accounted for

in LTM. -
Table D-5
SUMMARY- OF MULTIPLE REGRESSION ANALYSIS OF FICTITIOUS
DATA SHOWN IN TABLES D-3 and D-4 FOR DEPENDENT
VARIABLE OF "MEASURED TIME TO CRITERION®

Parameter Standardi zed

" Variable Estimates Coefficients
Intercept s 1.2244 ° ( .0000
Basic skills factor (X]) -.6169 -.6234
Anxiety rvactor (Xz) -.1734 -.1757
1st attempt score (X3) .2073 .2100
Number of attempts .4067 .3862
to criterion (X,) -

Square of multiple coefficient .4564
Standard error of estimate .5919

The step of significance testing of the separate regression
coefficients will be skipped on the grounds that we are only "data
snooping." It is apparent from the standardized coefficients shown in
Table D-5 that the Basic Skills factor is the most potent of the
«ngﬁﬁctors in this hypothetical example.

Some ideas for instructional treatment design may be drawn from an
analysis such_as this (remembering, of course, that all the data are
fictitious): ®

1. We discovered that the Anxiety Factor operates in a somewhat

. unanticipated fashion. From the correlations shown in Table
D-4, we might have expected the Anxiety Factor to work .
against LTM. The regression coefficient, however, suggests
that some anxiety may be a good thing. If various combina-
tions of Basic Skills values and Anxiety values are substi-
tuted in the regression equation and LSC and NATT are held

« constant at their mean values, an increase in the Anxiety

factor leads to lower LT values at every level of the Basic
Skills factor. The Anxiety effects are not nearly so great
as the Basic Skills eﬁfects, but they do run in a direction
that suggests that more, rather than less, anxiety is predic-
tive of lower LTM scores. Could this be interpreted to mean
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that gnnerating a little anxiety among the s]ow-but—accurate
trainees would be helpful in reducing time te criterion for

them? How might this be done? Should some mcderate anxiety ?3 /

be generated by imposing some time constraints on self-
pacing, especia]]y for trainees with high Basic Ski]];?

The +SC variable also does not operate as ant1c1pated. Its
regression weight is positive in sign which is contrary to
the sign of its simple correlation coefficient. This indi-

" cates that a high first attempt score, other things being

equal, appears to be associated with longer, rather than
shorter,-time to criterion. This is a reflection of ‘the
“sure bettor" phenomenon, described earlier. It suggests
that training time might be reduced by encouraging this group
to test somewhat earlier.

The potency of the Basic Skills Factor is affirmed by the
regression analysis. What implications can we derive from
this? For example, it may suggest that more practice -- even
remedial instruction outside the mainstream of the instruc-
tional course -- should be provided for incoming trainees who
‘show deficiencies in aptitudes under]ying the Basic Skills
Factor.
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Appendix E

T ' . COMMONLY ENCQUNTERED STATISTICAL CONCEPTS

b
The symbols and notation in this se]ecfive compendium are not universal but reffict notation used

in this report. See the reference list in the report for several widely used textbooks and reference

o

works in statistical methods and test theory for further detail and explanation.

' : __Statistic - ~Symbo] Formula Comment

[ ]

Raw score of indi- ] Xi -- ‘Paired scores usually symbolized by X

= vidual i on variable ) (independent variable) and Y (dependent
}
© X variable). ' Therefore, Yi = raw score
)
of individual i on variable Y.

Number of ‘individuals N .-

insmme/_

Sum of N values X., N X X+, . +X Raw scores. Subscripts and superscripts
~ i X, 172 N o

beginning with i =1 2: i often omitted when meaning is clear;

and ending with“i = N, ' thus,

IX = X

]+X2+...+XN




Statistic Symbol Formula Comment
~T
Mean h X N Often written as ZX/N when rules of
; 2 X . " summation are obvious.
i=1]
N
Deviation score R Xi -X Sum of deviation scores = 0; Zx = 0.
, 2 2 2 .
Sum of squares of IX X -[(ZX) /N_l Equivalent formula:
deviations from the sz = ZX2 - NYZ
mean Reminder! ZX2 # (ZX)2
g Variance of speci- S2 ZXZ/N Deviation score form
fied sample S2 (§:X2/N)-T2 Raw score form
Unbiased estimate of 52 2x2/N—1 Deviation score form
va.mance.m pqgu]a- s2 XXZ-[LZX)Z/N] Raw score form. Note also that
tion (universe) from N- s2 = s2(N/N-1)
. which sample is drawn
Standard deviation of S v 52 Exponential notation sometimes used
specified sample instead of radical sign. In geneval,
n ———
S o= i
o183
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Statistic

Comment

Unbiased estimate of
standard deviation

in population from
which sample is drawn

Standardized score
(z-score, deviation

score)

Score of individual
ionitemg

Proportion answering
item g correctly

Proportion answering
item g incorrectly

Variance of item g

Also may be written as:
s = (52)1/2

Distribution of z-scores will have
XZ- 0, SZ- 1.
i
i N i
Conventional item scoring:
1 = correct, 0 = incorrect.
|

Number of correct answers divided by
total of correct and incorrect answers.,
Often called "item difficulty."

p+q-=1.0

Equivalent formula:

2. 2
39 = Pg ™ Pg




sl

Statistic

Sum of N products of
paired scores, Xi
and Yi

Pearson product-
moment correlation
coefficient '

Slope of regression
of Y on X

Y‘xy

XY

(iny' =
a + bX)

(in ¥y
a + bx)

Formula
X1Y1+X2Y2+...+XNYN
Xy
Ns.s
X"y
NZIXY - XIY

/Nex%-(2x)2 /gy (ov) 2

rxy(sy/sx)

£xY-[zX(zY/N)]

%= [(20) %]

Comment

Raw scores. Often expresse&‘simply as
ZXY. Commonly called "sum of cross-
products."

Definition formula in deviation score
terms. Pearson r sometimes called npy
correlation." Also‘%ay be referred to
as "simple correlation" or "zero-order
correlation." -

Computation formula in raw score terms.
Alternate formula if Sx and SY known:
NEXY - ZXZY
2
N Sx SY
Easiest formula if rXY’ Sy> and s
known.

X

Raw score form.

o
J1
o

.
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Statistic Symbol Formula Comment
Intercept of regres- a YY-(bYX) Easiest formula if b, YX, and YY known.
sion of Y on X (inY' = ¥
a + bX)
a ZYo- [b(X/N)] Raw score form; uses slope term, b.
(in Y' = N
a + bX)




